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Abstract

This paperpresents novel and efcient algorithm for
the 3D range to 2D image registration problemin urban
scenesettings.Our inputis a setof unregisteled 3D range
scansand a setof unregistered and uncalibrated 2D im-
agesof thescene The3D range scansand 2D imagescap-
ture real scenesn extremelyhigh detail. A new automated
algorithmcalibratesead 2D image and computesn opti-
mizedransformatiorbetweerthe2D imagesand3D range
scans.Thistransformations basedon a matd of 3D with
2D featuresthatmaximizesn overlapcriterion. Our algo-
rithm attadks the hard 3D range to 2D image registration
problemin a systematicefcient, and automaticway, Im-
agescaptuedby a high-resolution2D camen, that moves
and adjustsfreely are mappedon a centimeteraccurate
3D modelof the sceneproviding photorealisticrenderings
of high quality. We presentresultsfrom experimentsin
threedifferenturbansettings.

1 Intr oduction

This paperdealswith the problemof automatigposees-
timationandcalibrationof a 2D camerawith respecto an
acquiredgeometric3D modelof anurbanscene.Thepose
estimationis partof alargersystemwhich constructsigh-
resolutionphotorealistic3D modelsfrom unregistered3D
rangescansanduncalibratedD colorimages.Our goalis
to enhancehe geometricmodelwith photographimbser
vationstakenfrom afreely moving 2D cameraby automat-
ically recoveringthecameras positionandorientatiorwith
respecto themodelof thesceneandby automaticallycali-
bratingthecameraensorWe areattackingthestatedorob-
lemunderthefollowing assumptionthe3D scenecontains
3D linesde ning two majororthogonaldirections,.e. one
major vertical directionand at leastone major horizontal
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direction. This is a valid assumptiorthat representghe
large majority of scenesn urbansettings.

Mostsystemsecreatingphotorealistianodelsof theen-
vironmentby a combinationof rangeand image sensing
[2, 7, 19, 21, 26] solwe the 3D rangeto 2D imageregis-
tration problemby xing the relative position and orien-
tation of the camerawith respecto the rangesensor(the
two sensorarerigidly attachednthesameplatform). The
x ed-relatvepositionapproactprovidesasolutionthathas
thefollowing majorlimitations: A) The3D-rangeand2D-
imagecapture®ccuratthesamepointin timeandfromthe
samelocationin space.Thatleadsto alack of 2D sensing
e xibility, sincethe limitations of 3D-rangesensorposi-
tioning (standof distance maximumdistance)will cause
constrainton the 2D camergplacementAlso, the 2D im-
agesmay needto be recaptureddueto poor lighting con-
ditions at the time of the 3D-rangecapture. B) The static
arrangemendf 3D and2D sensoralsomeanshatthe 2D
cameracan not be dynamicallyadjusted(by changingits
focal lengthandposition)to the requirement®f eachpar
ticular scene. C) The x ed approachcan not handlethe
caseof mappinghistorical photographon the modelsor
of mapping2D imagescapturedat a differentinstantin
time (underdifferentlighting conditions),somethingthat
our methodis ableto accomplish.In summaryby xing
therelative positionbetweerthe3D-rangeand2D-sensors,
we sacri ce the e xibility of 2D-imagecapturing.We be-
lieve thatmethodssimilarto theoneprovidedin this paper
areessentiafor theaccuratghotorealisticaptureof urban
scenes.

This work is a continuationof our original contriku-
tions on the subjectof 3D rangeto 2D imageregistration
[22, 23]. In previouswork, we provideda solutionfor au-
tomatically matching 3D and 2D featuresfrom the range
andimagedatasetsThe approachinvolvedthe utilization
of parallelismand orthogonalityconstraintghat naturally
exist in urbanernvironments. This paperis basedon our
originalframawork, butanumberof novel avenuesarenow
explored.Hereareour new contributions:  Extractionof
aricher setof 3D featureshy utilizing datafrom all reg-



istered3D rangeimagesat once. Utilization of new
type of higherorderclustersof 3D and 2D features.
Developmentof a new methodfor optimizing the inter-
nal cameraparameters.  Developmentof a new algo-
rithm for matching3D with 2D features.Here,we would
like to point out that our new algorithmis not a proba-
bilistic RANSAC approach.Thevhole searchspaceis ef-
ciently andsystematicallyexplored.  Developmentof
userinterfacefor minimal userinteraction.

Therearemary approachefor thesolutionof poseesti-
mationproblemfrom both point correspondencegd 7, 20]
andline correspondencd®, 10], whena setof matched
3D and 2D points or lines are known, respectiely. In
the early work of [6], the probabilisticRANSAC method
for automaticallycomputingmatching3D and 2D points
wasintroduced. This approachworks well only whenthe
percentagef outliers (i.e. incorrectly matchedpairs) is
small. Works in automatedmatchingof 3D with 2D fea-
turesin contet of objectrecognitionandlocalizationin-
cludes[3, 9, 11, 13, 14, 18, 25]. Recentlyascale-ivariant
approachn the contet of 2D imageregistrationhasbeen
presentedn [16]. Teller[1] attacksthe 2D imageregistra-
tion problemin urbanervironmentsettingsaswell. In [27],
ZhaousesSFM andstereaalgorithmsto mapa continuous
videofrom anaerialsourceon a 3D urbanmodel. Ikeuchi
[12] presentanautomate®D rangeto 2D imageregistra-
tion methodthatrelieson the re ectancerangeimage. In
ourwork, we attackthe 3D rangeto 2D imageregistration
problemin anef cient andsystematiavay (i.e. we do not
rely exclusively on 2D images).In orderto achiesethis,we
haveimplementedhovel featureextractionand3D rangeto
2D imagematchingtechniques.

2 3D Feature Extraction

The rst stepis to acquire rangescansto adequately
coverthe3D sceneThelaserrangescanneis Cyrax2500
[15], anactive sensotthat emitseye-safelaserbeamsinto
thescene.lt is capableof gatheringonemillion 3D points
ata maximumdistanceof 100 meters.A rangescanof an
urbanscends shaovnin (Fig. 1(a)). Eachpointis associated
with four values , where is its Carte-
siancoordinatesn the scanness local coordinatesystem,
and is thelaserintensityof thereturnedaserbeam.The
intensitydependson: the materialpropertiesof the phys-
ical 3D surface, the distanceof the point from the range
sensorandtheorientationof thelaserbeamwith respecto
thelocal surfacenormalat the measure@®D point.

Eachrangescanis processedia anautomatedgegmen-
tation algorithm [23]. A setof major 3D planesand a
setof geometric3D lines  areextractedfrom eachscan

. Thegeometric3D linesarecomputedat the
intersectiondetweensggmentedplanarregionsandat the
bordersof the segmentedplanarregions[23]. Therange
scansareregisteredin the samecoordinatesystemvia the
automatedrange-rangdeature-basedegistration method

which is describedn [4, 24]. As aresult,all rangescans
areregisteredwith respecto oneselectegivot scanjn the
scenes coordinatesystemnamely . In additionto the
geometridines , asetof re ectance3D lines areex-

tractedfrom each3D rangescan. They are producedby
discontinuitiesof thelaserintensity(Fig. 1(a)). We extract
2D linesfrom the re ectanceimageusingstandardmage
processingechniquegCanry edgedetectorfollowed by
orthogonakegression).The endpointsof eachre ectance

(e)

Figure 1. (a) A range-scamf building 1 at a resolution
of one-million 3D points (Cyrax 2500 laserscanner).The
pseudo-colorof each point correspondgo the returned
laserintensity (b) Clusteredline setsfor building 1 (12
rangescans). Three major directionsare identi ed with
differentcolors: red for vertical, greenand blue for two
horizontaldirections. (c) Lineson a 3D of building
1 (verticalandonehorizontaldirectionsareused).(d) Ver
tical andhorizontal3D parallelepipeds$or the 3D of
building1in . (e) A 2D imageof building 1. (f) Verti-
calandhorizontalrectanglegrom therecti ed lineswhich
are extractedfrom the 2D imagein . Two vanishing
pointsareused.In imagegd) and(f), thematching3D and
2D featuresasextractedby our automatedalgorithm, are
highlightedin blue.

2D line correspondo two 3D points

and whichde ne ageometridine in 3D space.
We call this line a re ectance3D line becauset is com-
putedbasedon information gatheredrom the re ectance



imagealone.

The combinationof all 3D geometricand re ectance
linesprovidesaveryrich representationf theacquired3D
scene. We use to representhoselines. Therefore:

, where and  arethe computed
re ectancelines andgeometridines  of eachscanaf-
ter their transformationsnto the scenecoordinatesystem

The next stepis to clusterthe line set . Eachline
in a clusterhasthe similar orientationas every otherline
in the samecluster Onelarge clusterof vertical 3D lines
and a numberof clustersof horizontal 3D lines are ex-
pectedto be obtained.We call the clusterof verticallines

, and the one (or more) clustersof horizontallines

. Figs.1(b)shawvstheclustered

setsof 3D geometricandre ectancelinesfrom oneof our
experiments.

In all thefollowing algorithms,3D and2D linesor fea-
turesaretransformedo thecoordinatesystem
senesasacommonintermediatecoordinatesystemof ref-
erencewherethe horizontalfeaturesareparallelto the x-
axis and the vertical featuresparallel to the y-axis. That
property makes the implementationof featurematching
andtranslationcomputationvery ef cient (seesection4).

isde nedby thethreeorthogonabxes ,
, , andthe origin which is at

Let usconsideronepair of verticalandhorizontalclus-

ters . The3D linesof this pair arealigned
to the axesof the coordinatesystem througharota-
tion : , Where

directionof , directionof ,
and . The transformed3D lines are fur-

ther clusteredinto major 3D planes. We call eachone of
theseclustersa 3D . Each3D is thusde ned
by its base-planendall linesthatlie onit. Thelinescan
be eitherverticalor horizontalbut their distancegrom the
base-planshouldbe smallerthana userde ned threshold

2.1 Rectangular Parallelepiped Extraction

Our goalis to obtain3D featuresfrom the 3D line sets
thatarematchablewith 2D featuresfrom the 2D colorim-
ages. Matching individual 3D lines with individual 2D
lines is impracticaldueto the large size of the generated
searchspace. Anotherproblemis thatsome3D lines are
not presentin the 2D imageandyvice versa(eg. 2D lines
thataregeneratethy shadingdiscontinuitiesarenotpresent
in the 3D modelof the scene). Therefore,we usehigher
level features,i.e. vertical or horizontal 3D rectangular

Notethatwe know therotationalandtranslationatransformatiorbe-
tweenrangescansrom our range-rangeegistrationmodule.

This pair canbeinteractvely selectedy the uservia a simplecolor
baseduserinterface.

parallelepipedthatcanbe matchedwith 2D rectanglesb-
tainedfrom the 2D images.

Therich setof geometricandre ectancelinesin a 3D

(seesection2) are groupedinto setsof lines which

de ne 3D rectangulamparallelepipeds in space.The set
of extractedparallelepipeddor a 3D is called
Eachparallelepiped containsclustersof nearby
3D lines. Therearetwo typesof clusters:vertical (contain-
ing lines parallelto the vertical direction) and horizontal
(containinglinesparallelto the horizontaldirection). is
thusde ned by threeattributes: 1) type: vertical or hori-
zontal; 2) tl : top left vertex of ; 3) br : bottomright
vertexof . Thecomputatiorof theset  is doneasfol-
lows. Initially, every line ona 3D becomes trivial
parallelepiped . Thistrivial is arectanglewith a x ed
initial width. Whenprojectionsof two  onthe3D
base-planeverlap,thesetwo  arememgedinto a bigger

whichincludesall linesin them. This meiging process
will continueuntil thereis no overlapbetweenary of the
remaining . SeeFig.1(d)for results.

3 2D Feature Extraction, Internal Camera
Calibration, & Rotation Computation

The internal parameters(focal length and principal
point) of thecamerasensorcanbecalculatedrom a2D im-
age,if theimagecontainsatleasttwo vanishingpoints(i.e.
the 3D scenewhich the cameras viewing hasat leasttwo
major scenedirections).We useour previously developed
robustmethodgo generateandcluster2D linesfrom a2D
image[22]. Theresultis a setof major vanishingpoints

. Usingthe methodsdescribedn [22] we
cancomputethe centerof projection
(effectivefocal lengthandprincipal pointexpressedn pix-
els) by utilizing thr eeorthogonalvanishingpoints. In the
casethat the scenecontainsonly two vanishingpoints,
we calculatethe centerof projectionas follows.Thetwo
vanishingpoints and  areexpressedn the camera
coordinatesystemas: ,

. The anglebetweenthe directionsthat
createdhe vanishingpointsis givenby the clustersof 3D
lines (in mostscenariosit's 90 degrees).If this angleis
radiansthen , Where
is the unit vector parallelto vector . The effective focal
length  canbecomputedrom theequatiornby assuming
anapproximateprincipalpoint atthecenterof the
image. This approximationis furtherre ned atthe end of
this section.

Thematchingof thecomputedranishingpointswith the
extractedmajor scenedirections and canbe

Note that we are extracting parallelepipedsnsteadof rectanglega
rectanglecanbe viewed asa parallelepipedvith zerowidth). We cannot
expectall 3D linesto lie exactly ontop of the 3D base-planesome
of the lines are producedby architecturaldetailson eachfacade,or by
window frames.Thereforethe extractedlinearfeaturesof each3D
maylie asfaras metersaway from the majorscendacade.



automaticallyachievedby usinga-prioriassumptionabout
the position of the camerawith respectto the 3D scene,
or by usinginformationaboutthe relative size of matched
clusters.Alternatively, the usercaneasilypick the correct
matcheshrougha color-baseduserinterface. The corre-
spondencdetweernvanishingpoints and 3D di-

rections , , providesa solutionto the rotation
that bringsthe 2D featuresin the coordinatesystem
(seeSec.2): ,
where and

Thenall 2D lines canberecti ed by applyingthe rotation
about andthenby projectingto theimageplane.
Thecenterof projection canbefurtherre ned asfol-
lows. By constructionthe recti ed 2D lines from
and shouldbe parallelto the and
of , respectiely (Fig. 1(f)). But if the estimationof
is notaccuratethe anglebetweertheactualdirectionof
arecti ed line andits expecteddirectionwill not be zero.
This perline computedangleis consideredo be an error
dueto aninaccurate computation. The sumof the er
rorsof all lines,called , is usedasacriterionto computea
moreaccurateenterof projectionasfollows. We consider
all possiblecentersof projectionsin a small spatialneigh-
borhoodaroundthe initially computedcenter . Search-
ing for the bestcenterof projection is donesequen-
tially in a spiralmannerin the neighborhoodf theinitial
is the rst centerof projectionthat producesan
angleerror lessthanauserde ned threshold (nor-
mally betweer? to 5 degrees). Thenwe have the camera
calibrationmatrix  as([8]):

The samemethodis appliedto extract horizontaland
verticalrectangula2D features  asthe oneusedto ex-
tract3D features  in Sec.2.1exceptthatthe extracted
2D featureshasazerodepth,.e. they arerectangleinstead
of parallelepipeds.

4 Translation Computation

In this sectionwe presenthe algorithmthat automati-
cally computeghe translationbetweerthe scene and
the camera coordinatesystemgFig.2). Fromthe
previous stepswe have the setsof 3D parallelepipeds

and2D rectangles  readyto be matchedn . The
rotation thatbrings to is .
Thetwo rotationalcomponents and werecom-

putedin section® and3, respectiely.

In orderto computethe translationbetweenthe scene
andcameracoordinatesystemsye needto identify 3D
parallelepipeds (seeFig.1(d)for an examplesetof 3D
features)that match 2D rectangles (seeFig.1(f) for
anexamplesetof 2D features) It is importantto notethat

we canonly matchhorizontal3D featureswith horizontal
2D featuresandvertical 3D featureswith vertical 2D fea-
tures. The problemis thusreducedo a 2D patternmatch-

ing problem. A singlematched with a is not able
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Figure 2. Translationcomputatioralgorithmoutline.

to provide the correcttranslationasour experimentshave
shavn. Thisis dueto the natureof our extractedfeatures.
However, two correctlymatched with 2D areable
to provide us a very accuratdranslationaswill be shovn
in the algorithmto follow. Thusour algorithm searches
throughall pairsof possiblematchessystematically Note

thatwe considenrall

possiblematchedpairs (where arethe numberof
horizontalandvertical , respectrely, and arethe
numberof horizontalandvertical |, respectiely). Thisis
a large searchspace,but it canbe ef ciently exploredas
ourresultsshav (seeSec.5).

Our algorithm consistsof six steps(Fig.2). In the rst
four steps,a list of candidatetranslationsare being com-
putedfrom theexplorationof all possiblematchedetween
pairsof 3D parallelepipedandpairsof 2D rectanglesThe
fth stepdetermineghe gradesof eachcandidateransla-
tions basedon the numberof matching3D and2D feature
pairs producedby this translation. The candidateswith
gradessmallerthan a thresholdwill be eliminated. The
sixth step searchesn the neighborhoodof eachremain-
ing candidatetranslationfor the one that maximizesthe
amountof overlap. Thus, for eachcandidatea nal op-
timizedtranslation  is computed.

For a 3D feature (parallelepiped) pair

, anda 2D feature(rectangle)pair



, Cis de ned asthe centroid
of a 3D or 2D feature,while is the base-planef 3D
where lie onand is the 2D imageplane(note
thattheseplanesare parallelto the x-y planeof the
coordinatesystem).
(Step 1) Considerthe next pair of 3D features
to matchthepair of 2D features
All possiblematchingpairsareconsideredMany of them
canbediscardecdasshowvn in thefollowing steps.
(Step 2) We assumethat the 3D feature
the 2D feature . Thenthe translationvector
that brings the centroidsof both featuresinto alignment
shouldsatisfythe following equation(seeFig.3):
, Where is identity matrix.
is computedasfollows. First, we computethe ratio

matches

—,where indicatedengthof thefeature(horizon-

tal or vertical length dependingon features type). This

Y Pao

3D Featurerpi

Figure 3. Translationcomputation.

ratio re ects the scalethat should be appliedto the 2D
imagefeature(measuredn pixels), so thatit matcheshe
3D feature(measuredn meters). Then, consideringthe
line sgmentfrom the centroidof the 2D feature to
the centerof projection , we nd thepointd sothat

, Where denoteghe normof vec-
tor . Thetranslationvector cannow computed
as follows (Fig.3): . This transla-

tion vectortranslateghe 3D feature (notethat is
alreadyexpressedn thecommoncoordinatesystem )
into the uniquepositionthatmakesits projectionto theim-
ageplane  havethefollowing propertiesA) Thelength
of the projectionof is exactly thesameasthelengthof

, andB) The centroidof is projectedexactly onthe
centroidof . The estimationof this translationvector
canbe performedvery ef ciently in the coordinatesystem

. Thisis oneof thefactorsthat attributesto the ef -

cieng of ouralgorithm.

Thejustobtainedranslatiorbringsthetwo features
and into alignment(the centerof is projectedon
thecenterof ). A correcttranslatiorwill alsobring
and intoalignmentf these2 featuresarecorresponding
to eachother By applyingthetranslation to
andprojectingit onto

, we producea 2D featurecalled

(this is a 2D rectangle):
where isthefunctionthatprojects3D featuresonto
Thisis achievedby projectingtwo translatedliagonalver
tices(top left andbottomright) of the 3D featureonto
andthen generating2D rectanglebasedon the two pro-
jectedvertices. The percentag®f overlapamongthe fea-
tures and isdenotedas . If thisoverlap
is largerthanauserde nedthreshold  (normally80%),
we proceedo the next step;otherwisewe go backto step
1, andhave thenext pair of featureso bematched.
(Step3) Step2is repeatedor thecomputation
(we now assumethat matches ). If the over
lap is larger than aswell, the two pairs
are consideredhs matchingcan-
didategotherwisethe next pair of matchess consideredt
stepl).

Figure 4. Cameracon gurationswith respecto texture-
mapped3D modelsof buildings 1 (top) and 3 (bottom).
Thewhite dotsarethelocationsof theautomaticallyrecor-
eredcamerasandthegreenaxesarethesensinglirections
of the cameras. For building 1, nine ground-leel cam-
erasarerecosered. Two imagesare shotfrom balconies
of nearbybuildings. For buildings 2 and3, six imagesare
recoveredrespectiely.

(Step4) The nal translation is computedby a
weightedaverageof thecomponentranslations:

, wherethe weightis the

overlaparearatio (i.e. the biggerthe relative overlap,the

biggertheweight):

(Step5) By repeatingstepsl through4 on all possible
pairsof 3D and2D featurepairs
the translationsof all matchingcandidatesare computed



andstoredin aset . Eachtranslation in is applied
to all . Thetranslated arethenprojectedon
, producingrectangles . Every pair with
overlaplargerthan is storedin theset . Thetotal
numberof the pairsin is de ned asthegrade of the
translation . in arethensortedbasedbn , andthe
translationswith gradelessthana userde ned threshold
aredeletedromthelist . Thisincreasesheef ciency,
withoutsacri cing theaccurag of thealgorithm.

(Step 6) Eachtranslation in thelist canbe op-
timized even further. Our goal is to maximizethe over
lap betweenmatchingpairs producedby eachtranslation

(the set of matchingfeaturesfor eachtranslationhas
beenstoredin — seeprevious step). We considera
neighborhood of all possibletranslationsaround . For
eachoneof thetranslationsn this neighborhoodthe over
lap betweenthe matchingfeaturesin is calculated.
The translationin that producesthe maximum over
lapis choserasour nal optimumresultfor

As a result, the useris presentedvith a sortedlist of
In most cases,the translationwith the highest

grade(i.e. largestnumberof matchingfeatures)s the one
that producesthe bestresult. Otherwise,usercan select
the 2nd, 3rd or other listed translation. This selectionis
extremelysimple,sinceusercaninstantlyassesshe com-
putedtranslationby visually inspectingthe computedex-
turemappedesult.

Finally, a point can be transformedfrom the 3D
scenecoordinatesystemto a point in the 2D camera
coordinatesystenvia:

5 Resultsand Conclusions

We performed experimentsin three urban settings
(buildings 1, 2 and3). Buildings 1 and2 areregularurban
structureswith mary windows and large planes(a photo-
graphof building 1 is showvn in Fig.1(a)),while building 3
hasamorecomplicatedstructureglasshavnin Fig.5bottom
two images).A numberof 3D rangescansand2D images
wereacquiredfor eachbuilding. After therangescansare
registeredon the samecoordinatesystem,the 2D images
areautomaticallycalibratedandregisterecdonthe3D model
of eachacquiredstructure Fig.4 presentoverviews of our
texture-mappingesultsand automaticallyrecoveredcam-
eracon gurations. We have not performedary intelligent
blendingof overlapping2D imagessomethinghatwill be
part of our future work. Finally, detailedtextured maps
areshownin Figs.5. Two of theautomatedransformations
computedrom building 3 requireda very smallcorrection

Thegradethreshold  is computedas
, Where and arethe maximumandminimumgrades,

Figure 5. Detailsof texture-mapdor buildings1 (topleft
image), 2 (top right) and 3 (bottom two images)veri es
the high accurag of the automatedhlgorithm. Note, that
for building 3 we shaw resultsusingimagestaken under
differentlighting conditions.



(few pixels of translationaladjustment)oy a humanuser
throughour easyto useuserinterface.

The performancef our 3D rangeto 2D imageregistra-
tionalgorithmis shavnin Tablel. Thefollowing abbrevia-
tionsarebeingused.FP:Numberof featurepairs(number

Table 1. Building 1 (11images,12 3D scans)- Building
2 (6images3rangescans)- Building 3 (6 images4 range
scans)

FP( ) CM G OP%) RDT(%) T
25 14 91.23 0.21 42 sec
9 13 95.67 0.49 2sec
28 17 93.45 0.43 1llsec
8 20 9234 0.04 85sec
15 9 91.23 0.12 44 sec
19 11 92.05 0.37 4sec
7 32 9456 0.08 21sec
20 18 87.14 0.15 55sec
1 16 98.40 0.1 0.6sec
14 16 93.78 0.17 18sec
9 5 8931 0.43 1.5sec
4 13 9279 0.09 4sec
155 18 96.13 4.4 35sec
153 22 90.17 5.2 38sec
8 8 86.38 0.19 5sec
4 9 93.14 0.12 3sec
18 7 9223 0.61 4sec
12 8 87.62 0.29 6 sec
18 8 9245 0.31 10sec
18 11 94.34 0.69 3sec
12 11 91.74 0.47 2sec
23 7 88.16 0.48 9sec
7 8 9351 0.31 1sec

of 3D features number2D features),CM: Number of
candidatdranslationsgn list ~ afterthresholdingseesixth
stepof algorithmof Sec. 4), G: Gradeof optimumtrans-
lation (numberof matchingfeatures) OP: Amountof
overlap amongmatchingfeatures(see fth stepof algo-
rithm of Sec.4), RDT: Percentagef candidatdranslations
(CM) over all possibletranslationsgeneratecdy matches
of 3D and2D features;T: Executiontime of theautomated
registrationalgorithm on a 2GHz Pentiummachine. The
fastexecutiontime is basedon the large reductionof can-
didatetranslationgseeRDT column).

In this paper we presentech novel andef cient algo-
rithm for the 3D rangeto 2D imageregistrationproblemin
urbanscenesettings.Our inputis a setof 3D rangescans
and a setof 2D images. The rangescansare abstracted
into setsof 3D lines, followed by three clusteringsteps.
As a result, setsof 3D featuresare extracted. For each
2D image, featuresare generatedsia vanishingpoint ex-
traction,cameracalibrationandrecti cation steps Finally,

an automatedalgorithm computesan optimizedtransfor

mationbetweernthe 2D imagesand 3D rangescans.This

transformations basedn amatchof 3D with 2D features
thatmaximizesanoverlapcriterion. Our algorithmattacks
the hard 3D rangeto 2D imageregistrationproblemin a

systematicgef cient, andautomaticway, in the context of

urban scenes. Imagescapturedby a high-resolution2D

camerawhich movesandadijustsfreely, aremappedon a

centimeteraccurate8D modelof the sceneproviding pho-
torealisticrenderingf high quality.
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