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Abstract

Our goal is the production of highly accurate photo-
realistic descriptionsof the 3D world with a minimumof
humaninteractionand increasedcomputationalef�ciency.
Our input is a large numberof unregistered 3D and 2D
photographsof an urbansite. Thegenerated3D represen-
tations,after automatedregistration, are usefulfor urban
planning, historical preservation,or virtual reality (enter-
tainment)applications.A majorbottleneck in theprocessof
3Dsceneacquisitionis theautomatedregistrationofa large
numberof geometricallycomplex 3D rangescansin a com-
monframeof reference. We havedevelopednovel methods
for theaccurateandef�cient registrationof a largenumber
of 3D range scans. The methodsutilize range segmenta-
tion andfeatureextractionalgorithms.We havealsodevel-
opeda context-sensitiveuser interfaceto overcomeprob-
lemsemerging fromscenesymmetry.

1. Intr oduction

A typical 3D modelingsysteminvolves the phasesof
1) Individual rangeimageacquisitionfrom differentview-
points,2) Noiseremoval andhole�lling for eachrangeim-
age,3) Segmentationof eachrangeimage(i.e. extractionof
lines,planes,etc.),4) Registrationof all imagesinto acom-
mon frameof reference,5) Transformationof eachrange
image into 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
thescene.This paperdealswith thesemi-automaticregis-
tration(fourth task)of a largenumberof complex 3D scans
in thesameframeof reference.We presentanew andmore
ef�cient range-rangeregistrationmethodthatcomplements
ouroriginalwork of [14]. Bothof our algorithms(previous
andcurrent)arebasedon the automatedfeature-matching
of linesthathavebeenextractedfrom arangesegmentation

module.This matchingleadsto coarsepairwisealignment
betweenthe scansthat is optimizedby an Iterative Clos-
estPoint (ICP) [3] procedure.The algorithmsrun undera
context-sensitiveuserinterfacethatcanbeutilized in cases
of incorrectresultsdueto scenesymmetry. Ourcomprehen-
sive solution allows for mm-accurateregistrationof large
scaleurbanscenes.We presentexperimentsfrom theregis-
trationof threelargeurbanstructures.

Most methodsthatattacktherangeto rangeregistration
problemutilize oneof the many variationsof the Iterative
ClosestPointalgorithm[3, 15, 2, 11]. In ICPtherigid trans-
formation betweentwo views is iteratively re�ned, while
larger setsof correspondingpoints betweenviews canbe
extractedafter eachre�nement step. All ICP-typemeth-
odsrequirethemeshesto bespatiallyclosewith respectto
eachother in order for an initial set of closestpoint cor-
respondenceto be established.Global ICP-typemethods
that computeregistrationsbetweenall acquiredscansin-
clude the work of Pulli [10] andNishino [9]. Recentlya
non-rigid ICP method[4] hasbeenproposed.Hebert[6]
introducedthe ideaof spin-images,wherethe initial list of
correspondingpointsis extractedby usinga pose-invariant
representationfor therangeimages.In theapproachof [8]
a numberof roughlypre-registeredimagesarebroughtinto
�ne alignmentby theutilization of a signeddistancefunc-
tion thatrequiressamplingof the3D space.Webelievethat
our methodis more ef�cient for large-scaledatasetsdue
to thedatareductioninducedby our segmentationmodule.
Also, ourmethoddoesnotassumeroughpre-registrationof
theinput datasets.On theotherhandtheusershouldspec-
ify whethertwo scansoverlapor not.

Thefeaturesusedfor registrationare3D linesextracted
at the bordersof segmentedplanarareas,andat the inter-
sectionsbetweensegmentedplanarareas.A solutionto the
registrationproblemis possibleif two pairs of correctly
matchedlinesarefoundbetweenthetwo scans
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Only theorientationandpositionof the lines areuseddue
to thefacttheendpointscanneverbeexactly localized(this
is an inherentproblemof all line detectors).Using these
two matchedpairs,a closed-formformulaprovidesthede-



sired transformation ���	��

� [5, 12]. That meansthat a
blind hypothesis-and-testapproachwould have to consider

all possible ��� ���������������������
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� pairsof lines,
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and � arethenumberof linesfrom scans
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respectively. Suchanapproachis impracticaldueto the
sizeof the searchspaceto be explored. For eachpair of
lineswe would needto computethetransformation���	��

�

andthenverify thetransformationby transformingall lines
from scan

�!�

to thecoordinatesystemof scan
�"�

. Theal-
gorithm[14], previously developedby our group,provides
asolutionto theproblemof this largeexplorationspace,by
rejectinga largenumberof line pairsbeforetheexpensive
veri�cation step. In our previous work, the additionalin-
formationof the3D planeonwhicheachextractedline lies
facilitatesthesearch.Also, the lengthof the lines,andthe
sizeof the planesis usedin order to discardinvalid pairs
at a preprocessingstep,andin orderto verify thequality of
thematchat latersteps.Thecentralideais theselectionof a
robustpair of linesfor thecomputationof anexactrotation
andof anestimatedtranslationandof asecondpairof lines
in in orderto evaluatethecomputedtransformation.

In this papera new complementaryand more ef�cient
algorithm is introduced. This algorithm is supportedby
a context-sensitive userinterface. Our registrationsystem
�rst extractsthreemajordirectionsfrom eachrangeimage
by applying a rangesegmentationstep [13] and by clus-
tering theextractedlinear segmentsandplanenormals.A
local object-basedcoordinatesystemfor eachrangeimage
is constructednext, by computingthreemajor orthogonal
axes.Therotationaltransformationbetweenpairs of scans
canbecomputedquickly andaccuratelyby matchingthese
major sceneaxes betweenthe scans. Candidatetransla-
tions are then estimatedby matchinglinear segmentsbe-
tweenpairsof rotationallyalignedrangeimages. Finally,
thesecandidatetranslationsareclusteredusinganunsuper-
visednearest-neighborclassi�cation method. The correct
translationvectorshouldbe in oneof themajorclustersof
translations(i.e. beingtheoneappearingmostfrequently).
This maximizationcriterionthoughcanleadto wrongreg-
istrationwhenthe 3D sceneappearssymmetriceither ro-
tationally or translationally. A userinterface(seeSec. 3)
hasbeendesignedto deal with the previously mentioned
cases.Theuserinterfacehasthe following characteristics:
a) It promptsa userto indicatewhetherthe registrationis
corrector wrong;b) It displaysotherpossiblerotationsbe-
tweenpairsif theautomaticallycomputedoneis incorrect;
andc) It allows for the direct adjustmenton the transfor-
mationby rotatingoneimagescanandmoving it alongthe
threemajorscenedirections.

2. AutomatedRegistration Method

All overlappingpairsof rangescansareconsideredand
thetransformationbetweenthetwo scansis computed.Our
new automatedregistrationprocessinvolvesthreesteps:1)
line and plane clustering, 2) rotation estimation,and 3)
translationestimation.Whenthe transformationsbetween
all pairs are computedand veri�ed by the user, an ICP
routineoptimizesthe pairwisetransformations.Finally, a
global registrationprocedurecomputesthe transformation
of all scanswith respectto aselectedpivot scanto stitchall
scansinto acommoncoordinatesystem.Notethatthispro-
ceduredoesnot optimizethepairwiseregistrationsalready
computed.Fig.1 showsthe�o wchartof our system.
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Figure 1. Flowchar t of rang e to rang e regis­
tration with user interface .

2.1. Rotation Estimation

Man-madeurbanscenesarecharacterizedby setsof lin-
earfeaturesorganizedin a major verticalanda numberof
horizontaldirections. After the segmentationphase[13],
theextracted3D line directionsandplanenormalsareclus-
teredinto threemajor3D directions(Fig. 2). Theclustering
proceduregroupsall theline vectorsinto clusters(a vector
becomespartof theclusterif its anglefrom thecentroidof
the clusteris smallerthananglethreshold). In mostcases
this procedureextractsthreemajor directionsthat areper-
pendicularto eachother. In the casesthat only two major
clustersarefound,we canobtainthe third majordirection
asthe crossproductof the extractedtwo. Thus,our main
assumptionis thatour 3D scenecontainsat leasttwo major
perpendiculardirections. This is a reasonableassumption
thatis commonlyusedin urbanscenesettings(see[1]).
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Figure 2. Three major scene directions ex­
tracted from two segmented rang e scans (dif­
ferent color s correspond to diff erent seg­
mented planes). A correct matc h between the
directions provides a unique solution for the
rotational transf ormation between the scans.

one.Howeverusingsimpleheuristics,thenumberof candi-
daterotationscanbesigni�cantly reduced.

The position of each3D point recordedrefers to the
rangescanner's inner coordinatesystem,which is de�ned
asshown in Fig. 3. The lasergenerator/receptoris theori-
gin point of the local coordinatesystem. The negative Z
axispointstowardsthe3D scene.Let usconsiderhow the
coordinatesystemchangesfrom onescanto another. In our
algorithm,we alwayschoosethe right imageas the pivot
image,andtransformsall the point coordinatesin the left
imageinto it. If therotationmatrix is:
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onto the $ , & and ( axes. During the scan-
ning process,the scanneris mostly moving on the ground
level, with at most HJIFK tilt-angle of the Y-axis. Sincethe
Y-axisdoesnot changedramatically, we selecta threshold
for �

���

that is at least0.7. Similarly, successive images
arelikely to be from close-byviewpoints,so the ��9�9 and

�

�'�

arerestrictedto havepositivevalues.With theserestric-
tions,thecandidatesfor rotationbecomesfewer than5, and
in somecases,2 or 3. Thenwith theassumptionthat suc-
cessiveimagesarecloseto eachother, weorderthesecandi-
daterotationmatricesby thesumof thediagonalelements,

�/9'9.LM�

���

LM�

���

, andchoosetheonewith thelargestsum
astherotationmatrix. Theotherpossiblerotationsarekept
ascandidates.Note that theseassumptionscanbe relaxed
without affecting theactualoutcome,sincewe canchoose
from thecandidaterotationsthecorrectone.Thedescribed
heuristicis usedin orderto speedupouralgorithm.

Figure 3. Range scanner' s local coor dinate
systems at two diff erent viewpoints.

2.2. Translation Estimation

Oncetherotationhasbeenautomaticallycomputed(see
Sec. 2.1), or manuallyselected(seeSec. 3), the axesof
the two local coordinatesystemsof the two scanscanbe
aligned.Thenext stepis theestimationof thetranslational
vectorbetweenthetwo rangeimages.Wesearchfor match-
ingpairsof 3D linearsegmentsbetweenthetwoscans,since
two correctlymatchedpairsprovide a uniquesolutionfor
the translation. At a preprocessingstage,the distancebe-
tweeneachpair of parallel linear segmentsis computed.
This distanceis the vector that connectsthe midpointsof
thetwo segments(Fig. 4). Fromevery two lines in the left
image ��NGBC��NPOC� andtwo lines in the right image �0QJBC�'QROC� , a
candidatetranslationis computedif andonly if:

1. All four lines are parallel to each other, and the
distancebetweenl1 and r1 equals(within a length
and anglethreshold)the distancebetweenl2 and r2
(Fig. 4(a)). In this case,the averageof the two dis-
tancesis recordedasa candidatetranslation.

2. Lines l1, r1 areparallelto eachother, andlines l2, r2
areparallel to eachother, but lines l1, l2 arenot par-
allel. In addition the distancebetweenl1 and r1 is
equals(within a length and anglethreshold)the dis-
tancebetweenl2 andr2 (Fig. 4(b)). In this case,an
exact translationcanbe computedby the solutionof
anover-constraintlinearsystemasexplainedin [12].

The computedcandidatetranslationsarethenclustered
into groupsof translationsthatarecloseto eachotherwithin
certainthresholdsof lengthanddirection. Intuitively, the
correcttranslationis the one that occursmost frequently.
This is theonethatde�nes the largestclusterof candidate
translation.Howeverin orderto take into accountmeasure-
mentnoiseandscenesymmetry, we considertheN (N=10)
largestclustersof candidatetranslations.The centroidsof
theseN clustersareconsideredasour �nal candidatetrans-
lations.Finally, out of theseN centroidstheonethatmaxi-
mizesthenumberof line matchesbetweenthetwo scansis



(a)

(b)

Figure 4. Two pair s of matc hed lines. The
vector s connecting the midpoints of the
matc hed segments provide appr oximations
to the translation between the two scans. (a)
All four lines parallel to a same axis. (b) Two
line pair s parallel to diff erent axes.

returnedasthe�nal translationvector1.
Theaboveautomatedprocedurecomputesa transforma-

tion betweenany pairof imagesthatoverlap.Theregistered
imagepair is thendisplayedin the userinterface(Sec.3).
The registrationobtainedafter this stageis very accurate,
but still not quite satisfyingfor photorealistic3D model-
ing. The inaccuracy comesfrom several factors: a) The
segmentationphaseintroducessomeerrorsin extractedline
directionsand lengths,andb) The clusteringmethodsfor
rotationestimationandtranslationestimationintroduceer-
rors aswell. In the clusteringof 3D lines the centroidof
eachclusterisselectedastherepresentativemajordirection.
Also in the clusteringof candidatetranslations,the cen-
troid of eachclusteris selectedastherepresentativetransla-
tion. Thatis why, in orderto minimizetheregistrationerror
an ICP algorithmneedsto be appliedasa post-processing
step.Giventhattheregistrationfrom theautomatedroutine

1Thenumberof linesthatmatchassumingarotationalmatrixandtrans-
lational vectorcanbe computedafter both scansareplacedon the same
coordinatesystem.See[14].

anduserinteractionis very closeto the exact registration,
the ICP algorithmis thenableto optimizetheoverlapping
pointsof two imagescans.In Sec.4 experimentalresults
show that the registrationerror is greatly decreasedafter
ICPoptimizationandit reachesthelevel of a few mm.

3. Context-Sensitive User Interface

In orderto visualizetheprocedureof registration,aswell
asto allow usersto correctwrong registrationsdueto 3D
scenesymmetry, acontext-sensitiveuserinterfacehasbeen
developed. For eachpair of overlappingscansthe system
readsthesegmentedplanarareasandlinearsegments.The
ef�cient range-rangeregistrationalgorithmdescribedin the
previous sectionsis beingexecuted�rst. After a few sec-
ondstheresultis displayed(Fig. 5). If theuseris satis�ed
with theresults/hecanproceedwith thenext pair of scans.
If on theotherhandthereis a mistake thesystemdisplays
thefollowing options:

Figure 5. Overview of the user interface . Two
automaticall y aligned rang e scans are sho wn.
Left windo w: raw rang e scans. Right win­
dow: the same scans abstracted as linear
segments (diff erent color s are used for dif­
ferent scans).

(1) If the initial rotationalcalculationwaswrongdueto an
erroneousmatchof axestheuseris presentedwith a setof
possibleorientations(Fig. 6). The usercanselectthe cor-
rect orientation. The systemthenrecalculatesthe transla-
tion (seeSec.2.2),ands/heis askedto verify theresult.(2)
If therotationalcalculationwascorrectbut theresultis still
wrong,thentheusermaychooseto invokethemoreexpen-
siveandcomplementaryrange-rangeregistrationalgorithm
describedin [14]. (3) If no automatedalgorithmprovides
a correctresult thenthe userneedsto manually�x the re-
sultedtransformation.Notethatthis casecanappeardueto
symmetryof theacquired3D scene.Fig.7 showsthescreen



that theusersees.(4) After theusermanuallycorrectsthe
transformationthe re�nement procedurethat searchesfor
matchingfeaturesbetweenall linescanbeinvoked.

We call this user-interfacecontext-sensitive becausethe
usercan translateor rotatethe 3D scansonly amongthe
majoraxesthatform theobject's localcoordinatesystemas
shown in Fig. 7. Thethreeaxesof theright imagearedis-
playedasredlines,alongeachof themthereis a translation
dragger, anda rotationball. By draggingeachdragger, the
translationon onedirectionis adjustedindependently, and
thusoverlappinglinesandpointscanbe easilyadjustedto
thebestaccuracy; therotationball is usedto adjustrotation
aroundeachaxis: by draggingthe ball alongthat axis, its
translationis transformedinto arotationaroundthataxisby
thecorrespondingangle,which is appliedto theleft image.
By alternatively adjustingthe rotationand translation,the
manualregistrationbecomesa lot easierandmoreaccurate
thanothermethodsof alignmentsuchaspicking threecor-
respondingpointsfrom both images,or translatingthetwo
scansalongaxesthatarenot relatedto thegeometryof the
scene.

Figure 6. A set of possib le orientations be­
tween the two coor dinate systems is pre­
sented to the user to choose from. In this
example the rotation in the upper left corner
corresponds to the correct result.

4. Experimentsand Conclusions

We testedthesemi-automaticregistrationsystemontwo
urbanstructuresof different styles. The ThomasHunter
building (HunterCollegeof CUNY) is a rectangularbuild-

Figure 7. The user can manuall y translate or
rotate one scan with respect to the other . This
task is made much simpler due to the fact that
the user can translate along or rotate about
the major orientations of the 3D scene .

ing with �at sidewalls. The ShepardHall building (City
Collegeof CUNY) hasamorecomplicatedarchitecturethat
resemblesa Gothiccathedral.We alsotestedour algorithm
usingscansgatheredfrom the interior of theShepardHall
building. Laserrangescanswereacquiredby aCyrax2500
laserrangescanner. Eachscanconsistsof a million points
with anaccuracy of 6mmperpoint. As a criterionof regis-
trationperformance,werecordthenumberof matchingline
pairsascomputedin Sec.2.2(Fig. 8), andwe calculatethe
averagedistancebetweenmatchingplanes.

Consideringthe ThomasHunterbuilding data,we reg-
istered14 rangeimagesby applying15 pair-wise registra-
tions.Amongthesepairs,13pairswerecorrectlyregistered
with theautomatedroutineandre�ned by theICPoptimiza-
tion. Two pairsrequiretheuserto adjustthetranslationand
rotationbeforeacorrectregistrationwasobtained.Thetime
for eachautomatedregistrationis displayedin Table1 (top)
(on average20 secondsper pair - 2GHz Xeon Processor-
2GbitRAM). Table1 (top) alsoshows theaveragedistance
betweenmatchedplanes2 of registeredpairsof scans, as
well ashow much the ICP optimizationfurther improved
theaccuracy of registration.Theaverageerroroverall pairs
of scansdecreasesfrom 21.17mm(beforeICP) to 1.77mm
(after ICP). The �nal registeredline andpoint imagesare
shown in Figs.10(a),and10(b).

Table 1 (middle) shows the pair-wise registrationtime
anderrormeasurementsfor ShepardHall (15pairsshown).
Since this building hasmore delicategeometricfeatures,
thesegmentationproducesa largeamountof shortline seg-
mentsin variousdirections.Neverthelesstheexperimental

2Eachextracted3D line liesontheborderof asegmentedplanarregion.
Thereforematchedlinesbetweenscansdictatematchedplanarregions.



Figure 8. Matching lines between two scans.
White/red lines are bor der lines, and yel­
low/blue lines are the matc hing lines from two
images respectivel y.

resultsshow that the algorithmis quite robust: amongthe
24 pairsof scans,9 pairswereautomaticallyregistered,8
pairsneededmanualtranslationaladjustmentdueto scene
symmetry, and7 pairsrequiredacarefuluseradjustmenton
rotation. Becauseof this, the total time of the registration
is aboutan hour (this includesuserinteraction),although
theautomatedregistrationon eachpair takeslessthanone
minute. Whenthe rotationneedsto be manuallyadjusted,
theresultedregistrationusuallyhasquitevisibleregistration
errors,asshown in Fig. 9(a). In this case,ICP optimization
greatlyimprovesregistrationaccuracy (Fig. 9(b)). The�nal
registeredline andpoint imagesof ShepardHall areshown
in Figs. 10(c) and10(d). Theaverageerror over all pairs
of scansdecreasesfrom 51.72mm(beforeICP) to 3.23mm
(afterICP).

We also performedexperimentsin the interior of the
ShepardHall andregistered21scans(Figs.10(e)and10(f)).
Out of 44 pairstheautomatedprocedureproduced12 cor-
rectresults,whereas18 resultsneededtranslationaladjust-
mentdue to scenesymmetryand13 needmanualadjust-
ment of translationand rotation. The averageerror over
all pairsof scansimprovesfrom 17.59mm (beforeICP) to
7.26mm (after ICP) (Table1 (bottom)). Note that in most
casesthe numberof matchingline pairs increaseafter the
ICP optimization(this is what is expectedwhenthe scans
arebroughtcloserto eachother).In somecasesthoughthe
numberof matchinglines decreases,without the registra-
tion quality to be sacri�ced. On the contrarywe cansee

from theaverageplaneerror that ICP further improvedthe
registrationaccuracy.

We have presenteda semi-automaticregistrationsystem
that incorporatesanautomatedrange-rangeregistrational-
gorithm with a context-sensitive user interface. The user
interfaceis beingutilized in all casesof registrationerrors
producedby scenesymmetry. This systemcomplements
our original work of [14] and producesef�ciently high-
quality registrationresults. We believe that we have built
anarsenalof methodsthatcanbeutilized for theautomatic
registrationof large-scaleurbanscenes.Ourfuturework in-
cludesthedevelopmentof amethodfor globaloptimization
afterall pairwiseregistrationshavebeenachieved.Thiswill
signi�cantly improve the �nal result. We arealsoworking
on automatedregistrationin scenesthat do not containa
plethoraof linearfeatures.Finally, we haveutilizedmatch-
ing algorithmsbetweenlines for thesolutionsof 3D range
to 2D imageregistrationin urbanscenes[7].

Figure 9. Shepard Hall. Close up view of
pairwise registration. (Top) With automated
registration before ICP optimization. Range
scans do not align perf ectl y. (Bottom) Af­
ter ICP optimization. Result has been sig­
ni�cantl y impr oved.



(a) (b)

(c) (d)

(e) (f)

Figure 10. Registration results. (a) & (b) Thomas Hunter building (14 scans). (c) & (d) Shepard Hall
building (24 scans). (e) & (f) Interior of Shepard Hall (21 scans). Registered line and rang e images
sho wn. The lines are extracted from the rang e segmentation module . The rang e images correspond
to the sour ce scans. The gray values correspond to the returned laser intensity .



BeforeICP After ICP
Pair Line Pairs S

�

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 S

�

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 S

�

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

Table 1. Experimental results on Thomas­
hunter building (top), Shepard Hall exterior
(mid dle) and interior (bottom). T : time of auto­
mated registration (before ICP optimization)
in secs ;

�

: number of matc hing lines be­
tween the two scans; U V%QWQ : average distance
between matc hing segmented planar regions
(in mm).
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