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Abstract

Our goalis the productionof highly accuratephotore-
alistic descriptionsof the 3D world with a minimum
of humaninteractionandincreaseccomputationakf -
cieng. Ourinputis alarge numberof unrggistered3D
and2D photographsf anurbansite. Thegenerate®D
representationgfterautomatedegistration,areuseful
for urbanplanning historicalpreseration,or virtual re-
ality (entertainmentppplications. A major bottleneck
in the procesf 3D sceneacquisitionis the automated
registrationof alargenumberof geometricallycomple
3D rangescansin a commonframe of reference.We
have developednovel methodsfor the accurateandef-
cient registrationof alargenumberof 3D rangescans.
Themethodautilize rangesegmentatiorandfeatureex-
tractionalgorithms.We have alsodevelopeda context-
sensitve userinterfaceto overcomeproblemsemening
from scenesymmetry

1 Intr oduction

A typical 3D modelingsysteminvolvesthe phase®f 1)
Individualrangeimageacquisitionfrom differentview-
points,2) Noiseremoval andhole lling for eachrange
image, 3) Segmentationof eachrangeimage(i.e. ex-
tractionof lines, planesgetc.),4) Ragistrationof all im-
agesnto acommonframeof referenceb) Transforma-
tion of eachrangeimageinto anintermediatesurface-
basedor volumetric-basedepresentationg) Merging
of all rangeimagesinto a commonrepresentatio3D
model),7) Simpli cation of the nal 3D model,and8)
Constructionof CAD modelof the scene. This paper
dealswith the semi-automaticegistration(fourth task)
of a large numberof complex 3D scansin the same
frame of reference.We presenta new and more ef -
cientrange-rangeegistrationmethodthatcomplements
our original work of [14]. Both of our algorithms(pre-
vious andcurrent)arebasedon the automatedeature-
matchingof linesthathave beenextractedfrom arange

on 3-D Digital

Imaging and Modeling, 2005

segmentationmodule. This matchingleadsto coarse
pairwisealignmentbetweerthe scanghatis optimized
by an Iterative ClosestPoint (ICP) [3] procedure.The

algorithmsrun undera contet-sensitve userinterface
that can be utilized in casesof incorrectresultsdue
to scenesymmetry Our comprehensie solution al-

lows for mm-accurateegistrationof large scaleurban
scenesWe presenexperimentsrom theregistrationof

threelargeurbanstructures.

Most methodsthat attackthe rangeto rangeregis-
tration problemutilize one of the mary variationsof
the Iterative ClosestPointalgorithm([3, 15, 2, 11]. In
ICPtherigid transformatiorbetweertwo viewsis itera-
tively re ned, while larger setsof correspondingpoints
betweenviews can be extractedafter eachre nement
step. All ICP-type methodsrequirethe mesheso be
spatially closewith respectto eachotherin orderfor
aninitial setof closestpoint correspondenct® 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-
ducedthe idea of spin-images,where the initial list
of correspondingpointsis extractedby using a pose-
invariant representatioror the rangeimages. In the
approactof [8] anumberof roughly pre-registeredm-
agesare broughtinto ne alignmentby the utilization
of a signeddistancefunctionthatrequiressamplingof
the 3D space.We believe thatour methodis moreef -
cientfor large-scaledatasetsdueto the datareduction
inducedby our sggmentatiormodule.Also, our method
doesnotassumeoughpre-ragistrationof theinputdata
sets.Ontheotherhandthe usershouldspecifywhether
two scansoverlapor not.

The featuresusedfor registrationare 3D lines ex-
tractedat the bordersof sggmentedplanarareas,and
attheintersectiondbetweersggmentedplanarareas.A
solutionto the registrationproblemis possibleif two
pairs of correctlymatchedinesarefound betweerthe
twoscans and . Onlytheorientationandposition



of thelines are useddueto the fact the endpointscan
never be exactly localized(this is aninherentproblem
of all line detectors).Using thesetwo matchedpairs,
aclosed-formformulaprovidesthedesiredtransforma-
tion [5, 12]. Thatmeanghatablind hypothesis-
and-testapproachwould have to considerall possible

pairs of lines, where

and arethe numberof lines from scans and

respectiely. Suchanapproachs impracticaldueto
the size of the searchspaceto be explored. For each
pair of lineswe would needto computethetransforma-
tion andthenverify thetransformatiorby trans-
forming all lines from scan  to the coordinatesys-
temof scan . Thealgorithm[14], previously devel-
opedby our group, providesa solutionto the problem
of thislargeexplorationspaceby rejectingalargenum-
ber of line pairsbeforethe expensve veri cation step.
In our previouswork, the additionalinformationof the
3D planeon which eachextractedline lies facilitates
thesearch Also, thelengthof thelines,andthe sizeof
the planesis usedin orderto discardinvalid pairsat a
preprocessingtep,andin orderto verify the quality of
thematchatlatersteps.Thecentralideais theselection
of arobustpair of linesfor the computatiorof anexact
rotationandof anestimatedranslationandof a second
pair of linesin in orderto evaluatethe computedrans-
formation.

In this papera new complementaryand more ef -
cient algorithmis introduced. This algorithmis sup-
portedby a context-sensitve userinterface. Our regis-
trationsystemrst extractsthreemajordirectionsfrom
eachrangeimage by applying a range sgmentation
step[13] andby clusteringtheextractedinearsegments
and planenormals. A local object-basecdcoordinate
systemfor eachrangeimageis constructednext, by
computingthree major orthogonalaxes. Therotational
transformatiorbetweerpairsof scansanbecomputed
quickly andaccuratelyby matchingthesemajor scene
axesbetweerthe scans Candidatdranslationsarethen
estimatedby matchinglinear sgmentsbetweenpairs
of rotationally aligned rangeimages. Finally, these
candidatetranslationsare clusteredusing an unsuper
visednearest-neighbarlassi cationmethod. The cor-
rect translationvector shouldbe in one of the major
clustersof translations(i.e. being the one appearing
mostfrequently). This maximizationcriterion though
canleadto wrong registrationwhenthe 3D sceneap-
pearssymmetriceitherrotationallyor translationally A
userinterface(seeSec. 3) hasbeendesignedo deal
with thepreviously mentionedccasesTheuserinterface
hasthefollowing characteristicsa) It promptsauserto
indicatewhethertheregistrationis corrector wrong;b)

It displaysotherpossiblerotationsbetweenpairsif the
automaticallycomputedoneis incorrect;andc) It al-
lows for the directadjustmenbn the transformatiorby
rotatingoneimagescanand moving it alongthe three
major scenedirections.

2 Automated Registration Method

All overlappingpairsof rangescansareconsiderednd
thetransformatiorbetweerthetwo scanss computed.
Our new automatedegistrationprocessnvolvesthree
steps:1) line and planeclustering,2) rotation estima-
tion, and 3) translationestimation. Whenthe transfor

mationsbetweenrall pairsarecomputedandveri ed by

theuser anICP routineoptimizesthe pairwisetransfor

mations. Finally, a global registrationprocedurecom-
putesthe transformatiorof all scanswith respecto a
selectegivot scanto stitchall scangnto acommonco-

ordinatesystem.Notethatthis proceduraloesnot opti-

mizethe pairwiseregistrationsalreadycomputed.Figl

shavsthe o wchartof our system.
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Figurel: Flowchartof rangeto rangeregistrationwith
userinterface.

2.1 Rotation Estimation

Man-madeaurbanscenesrecharacterizethy setsof lin-
earfeaturesorganizedn a majorverticalanda number
of horizontaldirections. After the sggmentationphase
[13], theextracted3D line directionsandplanenormals
are clusteredinto three major 3D directions(Fig. 2).
Theclusteringprocedureyroupsall theline vectorsinto
clusters(a vectorbecomegart of the clusterif its an-
gle from thecentroidof the clusteris smallerthanangle
threshold).In mostcaseshis procedureextractsthree
majordirectionsthatareperpendiculato eachother In
thecaseghatonly two majorclustersarefound,we can
obtainthe third major directionasthe crossproductof
the extractedtwo. Thus, our main assumptions that
our 3D scenecontainsat leasttwo major perpendicu-



lar directions. This is a reasonabl@assumptiorthat is
commonlyusedin urbanscenesettings(see[1]).

Figure2: Threemajor scenedirectionsextractedfrom
two segmentedangescangdifferentcolorscorrespond
to different sggmentedplanes). A correct match be-
tweenthe directionsprovidesa uniquesolutionfor the

oA NgIRHQLgReerthe scans. o the

left image,and from the right image,all
possiblevaluesfor the rotationalmatrix R that rotates
to are computed. is

ary permutationof Thereare 24
suchrotationmatriceshatrotatetheleft imageinto the
coordinatesystemof theright one.However usingsim-
ple heuristicsthe numberof candidateotationscanbe
signi cantly reduced.

The positionof each3D point recordedrefersto the
rangescannes inner coordinatesystem,which is de-
ned asshawn in Fig. 3. Thelasergenerator/receptor
is the origin point of the local coordinatesystem.The
negative Z axis points towardsthe 3D scene. Let us
considerhow the coordinatesystemchangegrom one
scanto another In our algorithm,we alwayschoosehe
right imageasthe pivot image,andtransformsall the
pointcoordinatesn theleft imageinto it. If therotation
matrix is:

then the unit vector representing
axis would be transformed into a unit-vector
in the right image. In otherwords,
, and are the projectionsof ~ onto the
, and axes. During the scanningprocessthe
scanneris mostly moving on the ground level, with
at most tilt-angle of the Y-axis. Sincethe Y-axis
doesnot changedramatically we selecta thresholdfor
thatis at least0.7. Similarly, successie images
arelikely to be from close-byviewpoints, so the
and are restrictedto have positive values.Vith
theserestrictions,the candidatedor rotation becomes

fewerthan5, andin somecases? or 3. Thenwith the
assumptionthat successie imagesare close to each
other, we orderthesecandidategotationmatricesby the
sum of the diagonalelements, , and
choosehe onewith the largestsumastherotationma-
trix. Theotherpossiblerotationsarekeptascandidates.
Note that theseassumptionscan be relaxed without
affectingtheactualoutcome sincewe canchooserom
the candidaterotationsthe correctone. The described
heuristicis usedin orderto speedup our algorithm.

Figure 3: Rangescanners local coordinatesystemsat
two differentviewpoints.

2.2 Translation Estimation

Oncetherotationhasbeenautomaticallyjcomputedsee
Sec.2.1),or manuallyselectedseeSec.3), the axesof
thetwo local coordinatesystem®f thetwo scananbe
aligned. The next stepis the estimationof the transla-
tional vectorbetweerthetwo rangeimages.We search
for matchingpairs of 3D linear sgmentsbetweenthe
two scanssincetwo correctlymatchedpairsprovide a
uniquesolutionfor the translation. At a preprocessing
stage the distancebetweeneachpair of parallellinear
segmentsis computed.This distanceis the vectorthat
connectsthe midpoints of the two segments(Fig. 4).
Fromevery two linesin theleft image andtwo
linesin therightimage , acandidatdranslation
is computedf andonly if:

1. All four lines are parallelto eachother, andthe
distancebetweerll andrl equals(within alength
and anglethreshold)the distancebetweenl2 and
r2 (Fig. 4(a)). In this case the averageof the two
distancess recordechsa candidatdranslation.

2. Linesl1, rl areparallelto eachother andlines|2,
r2 areparallelto eachother but linesl1, I2 arenot
parallel. In additionthe distancebetweenll and
rl is equals(within a lengthandanglethreshold)
the distancebetween2 andr2 (Fig. 4(b)). In this
casean exacttranslationcanbe computedby the
solutionof anover-constraintinear systemasex-
plainedin [12].
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Figure 4. Two pairs of matchedlines. The vectors
connectinghe midpointsof the matchedsegmentspro-

vide approximationgo the translationbetweerthe two

scans(a) All four linesparallelto asameaxis. (b) Two

line pairsparallelto differentaxes.

The computedcandidatetranslationsare then clus-
teredinto groupsof translationghat are closeto each
otherwithin certainthresholdsof lengthanddirection.
Intuitively, the correcttranslationis the onethatoccurs
mostfrequently Thisis theonethatde nesthelargest
clusterof candidatetranslation. However in orderto
takeinto accountmeasurementoiseandscenesymme-
try, we considerthe N (N=10) largestclustersof can-
didatetranslations. The centroidsof theseN clusters
are consideredasour nal candidatetranslations. Fi-
nally, out of theseN centroidsthe onethat maximizes
the numberof line matchesbetweenthe two scansis
returnedasthe nal translatiorvector.

The above automatedprocedurecomputesa trans-
formationbetweerary pair of imageshatoverlap.The
registeredmagepairis thendisplayedn the userinter
face(Sec.3). Theregistrationobtainedafterthis stage
is very accurate put still not quite satisfyingfor pho-
torealistic3D modeling. The inaccurag comesfrom

1Thenumberof linesthatmatchassuminga rotationalmatrix and
translationalvector can be computedafter both scansare placedon
the samecoordinatesystem.See[14].

several factors: a) The sggmentationphaseintroduces
someerrorsin extractedine directionsandlengthsand
b) The clusteringmethodsfor rotation estimationand
translationestimationintroduceerrorsaswell. In the
clusteringof 3D linesthe centroidof eachclusteris se-
lectedastherepresentatie majordirection.Also in the
clusteringof candidatdranslationsthecentroidof each
clusteris selectedastherepresentatie translation.That
is why, in orderto minimize the registrationerror an
ICP algorithmneedgo be appliedasa post-processing
step. Given that the registrationfrom the automated
routine and userinteractionis very closeto the exact
registration,the ICP algorithmis thenableto optimize
the overlappingpoints of two imagescans. In Sec.4
experimentalresultsshav that the registrationerroris
greatlydecreasedfter ICP optimizationandit reaches
thelevel of afew mm.

3 Context-Sensitve User Interface

In orderto visualizethe procedureof registration, as
well asto allow usergo correctwrongregistrationsdue
to 3D scenesymmetry a contet-sensitve userinter

facehasbeendeveloped. For eachpair of overlapping
scanghe systemreadsthe segmentedplanarareasand
linear sggments. The ef cient range-rangeegistration
algorithmdescribedn theprevioussectionds beingex-

ecutedrst. After afew secondgheresultis displayed
(Fig. 5). If the useris satis ed with theresults/hecan
proceedvith thenext pairof scanslIf ontheotherhand
thereis a mistale the systemdisplaysthefollowing op-

tions:

Figure5: Overview of the userinterface.Two automat-
ically alignedrangescansareshownn. Left window: raw
rangescans.Right window: the samescansabstracted
aslinear sggments(differentcolorsare usedfor differ-

entscans). . i .
(1) If theinitial rotationalcalculationwaswrongdueto



anerroneousnatchof axesthe useris presentedvith a
setof possibleorientationgFig. 6). Theusercanselect
thecorrectorientation.Thesystenthenrecalculateshe
translation(seeSec.2.2),ands/heis asledto verify the
result. (2) If the rotationalcalculationwas correctbut
the resultis still wrong, thenthe usermay chooseto
invoke the more expensve and complementaryange-
rangeregistrationalgorithm describedin [14]. (3) If
no automatedalgorithm providesa correctresultthen
theuserneedsto manually x theresultectransforma-
tion. Note that this casecan appeardueto symmetry
of theacquired3D scene.Fig. 7 shows the screenthat
the usersees.(4) After the usermanuallycorrectsthe
transformatiornthe re nement procedurethat searches
for matchingfeaturesbetweerall linescanbeinvoked.

We call this userinterfacecontet-sensitve because
theusercantranslateor rotatethe 3D scanonly among
the major axesthat form the object's local coordinate
systemasshawn in Fig. 7. The threeaxesof theright
image are displayedas red lines, along eachof them
thereis a translationdraggey and a rotation ball. By
draggingeachdraggerthe translationon onedirection
is adjustedindependentlyand thus overlappinglines
andpointscanbe easilyadjustedto the bestaccurag;
therotationball is usedto adjustrotationaroundeach
axis: by draggingthe ball alongthat axis, its transla-
tion is transformednto a rotation aroundthat axis by
thecorrespondingngle whichis appliedto theleft im-
age. By alternatvely adjustingthe rotationandtrans-
lation, the manualregistrationbecomes lot easierand
moreaccurateghanothermethodsof alignmentsuchas
picking three correspondingpoints from both images,
or translatingthe two scansalongaxesthatarenot re-
latedto the geometryof thescene.

4 Experimentsand Conclusions

We testedthe semi-automaticaegistration systemon
two urbanstructuresof differentstyles. The Thomas
Hunter building (Hunter College of CUNY) is a rect-
angularbuilding with at sidewalls. The SheparcHall
building (City College of CUNY) hasa more compli-
cated architecturethat resemblesa Gothic cathedral.
We alsotestedour algorithmusingscanggatheredrom
the interior of the SheparcHall building. Laserrange
scanswvereacquiredby a Cyrax2500laserrangescan-
ner. Eachscanconsistsof a million pointswith anac-
curag of 6Bmmperpoint. As a criterion of registration
performancewe recordthe numberof matchingline
pairsascomputedn Sec.2.2 (Fig. 8), andwe calculate
theaveragedistancebetweermmatchingplanes.
Consideringthe ThomasHunter building data, we
registered14 rangeimagesby applying 15 pair-wise

Figure6: A setof possibleorientationdetweerthetwo
coordinatesystemsis presentedo the userto choose
from. In this exampletherotationin the upperleft cor
nercorrespondso the correctresult.

Figure7: The usercanmanuallytranslateor rotateone
scanwith respecto the other This taskis mademuch
simplerdueto thefactthatthe usercantranslatealong
or rotateaboutthe majororientationsof the 3D scene.



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

registrations. Among thesepairs, 13 pairs were cor-
rectly registeredwith theautomatedoutineandre ned
by the ICP optimization. Two pairsrequirethe userto
adjustthe translationandrotationbeforea correctreg-
istration was obtained. The time for eachautomated
registrationis displayedn Tablel (top) (on average20
secondperpair- 2GHzXeonProcessor 2GbitRAM).
Table1 (top) alsoshaws the averagedistancebetween
matchedplaneg of registeredpairs of scans, aswell
ashow muchthelCP optimizationfurtherimprovedthe
accurag of registration.Theaverageerroroverall pairs
of scangdecreaseom 21.17mm (beforelCP)to 1.77
mm (after ICP). The nal registeredine andpointim-
agesareshavn in Figs.10(a),and10(b).

Table 1 (middle) shows the pair-wise registration
timeanderrormeasurement®r Shepardall (15 pairs
shawn). Sincethis building hasmoredelicategeomet-
ric featuresthe sggmentationproducesa large amount
of shortline segmentsin variousdirections. Neverthe-
lessthe experimentalresultsshov thatthe algorithmis
quiterobust; amongthe 24 pairsof scans9 pairswere
automaticallyregistered,8 pairs needednanualtrans-
lationaladjustmentlueto scenesymmetry and7 pairs
requireda carefuluseradjustmenbn rotation. Because
of this, thetotal time of theregistrationis aboutanhour
(thisincludesuserinteraction),althoughthe automated
registration on eachpair takes lessthan one minute.

2Eachextracted3D line lies on the borderof a segmentedplanar
region. Thereforematchedines betweenscanddictatematchedpla-
narregions.

Whentherotationneedgo bemanuallyadjustedthere-

sultedregistrationusuallyhasquite visible registration
errors,asshavnin Fig. 9(a). In thiscase|CP optimiza-

tion greatlyimprovesregistrationaccurayg (Fig. 9(b)).

The nal registeredline and point imagesof Shepard
Hall areshavn in Figs. 10(c)and10(d). Theaverage
error over all pairsof scansdecreasefrom 51.72mm

(beforelCP)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
producedl2 correctresults,whereasl8 resultsneeded
translationabdjustmentiueto scenesymmetryand13
needmanuakdjustmenbf translatiorandrotation. The
averageerror over all pairs of scansimproves from
17.59mm (beforelCP)to 7.26 mm (afterICP) (Tablel1
(bottom)).Notethatin mostcaseshenumberof match-
ing line pairsincreasafterthe ICP optimization(thisis
whatis expectedwhenthe scansare broughtcloserto
eachother).In somecaseshoughthenumberof match-
ing linesdecreasesyithouttheregistrationqualityto be
sacri ced. Onthecontrarywe canseefrom theaverage
planeerror that ICP further improved the registration
accurag.

We have presented semi-automaticegistrationsys-
tem that incorporatesan automatedange-rangeegis-
trationalgorithmwith a context-sensitve userinterface.
The userinterfaceis beingutilized in all caseof regis-
tration errorsproducedby scenesymmetry This sys-
tem complementour 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-
velopmenif a methodfor global optimizationafterall
pairwiseregistrationshave beenachieved. Thiswill sig-
ni cantly improvethe nal result. We arealsoworking
on automatedegistrationin sceneghatdo not contain
a plethoraof linear features.Finally, we have utilized
matchingalgorithmsbetweenlines for the solutionsof
3D rangeto 2D imageregistrationin urbansceneg7].
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Figure 10: Registrationresults. (a) & (b) ThomasHunterbuilding (14 scans).(c) & (d) ShepardHall building (24
scans)(e) & (f) Interior of SheparHall (21 scans) Registeredine andrangeimagesshavn. Thelinesareextracted
from the rangesegmentatiormodule. Therangeimagescorrespondo the sourcescans.The gray valuescorrespond

to thereturnedaserintensity



Figure9: ShepardHall. Closeup view of pairwisereg-
istration. (Top) With automatedegistrationbeforel CP
optimization.Rangescansdo not align perfectly (Bot-
tom) After ICP optimization. Resulthasbeensigni -
cantlyimproved.

BeforelCP After ICP

Pair | Line Pairs | Perr | Perr
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| 13 566| 31| 250
13 | 249x137| 19 6| 2479| 26| 3.16
14 129x137| 29 7 1932 37| 211
15 137x332| 9 7| 38.36 9 1.23

BeforelCP After ICP
Pair | Line Pairs | Perr | Perr

625x211| 21 3| 52.64 8 | 11.94
546x539| 43| 34| 78.05| 88| 1.80
546x638 | 56 8| 42.60 9] 3.20
546x211| 31 3| 97.26| 42| 2.64
539x638| 45| 27| 85.71| 31| 351
638x642| 62 | 113 478 | 112 | 1.95
638x360| 17| 30| 57.39| 28| 242
642x360| 28 | 17 949 | 16| 281
708x237| 8 8| 16.93 8| 3.79
10 | 734x334| 14| 12| 83.59 8| 0.52
11 | 334x149 4| 4702| 18| 171
12 | 149x176| 3 7| 5148| 37| 1.18
13| 649x501| 33| 23| 21.33| 21| 3.28
14 | 501x203| 10| 24 959 | 24| 5.05
15| 203x281| 4 8| 11790 11| 2.63

BeforelCP After ICP
Pair | Line Pairs | Perr | Perr
787x645| 36 | 147 9.71 | 138 1.61
654x787 | 21 41 16.34 25 2.63
654x638 | 24 | 252 13.31 | 124 3.28
356x351| 13 84 8.12 68 1.74
174x283| 2 42 13.90| 36 5.62
585x557 | 28 56 26.33 | 137 | 14.73
656x606 | 45 | 249 10.24 | 138 | 11.65
656x654 | 41 | 257 11.03 | 160 | 19.62
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

OO N|O| O B WN -

]

OO N[O O | W[IN| -

Tablel: Experimentaresultson Thomas-huntebuild-

ing (top), ShepardHall exterior (middle) and interior
(bottom). : time of automatedegistration(beforelCP

optimization)in secs : numberof matchinglinesbe-
tweenthetwo scans; _ : averagedistancebetween
matchingsegmentedplanarregions(in mm).
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