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Abstract

This paperpresentsa novel and ef�cient algorithm for
the 3D range to 2D image registration problemin urban
scenesettings.Our input is a setof unregistered3D range
scansand a set of unregistered and uncalibrated2D im-
agesof thescene. The3D rangescansand2D imagescap-
ture real scenesin extremelyhigh detail. A new automated
algorithmcalibrateseach 2D imageandcomputesanopti-
mizedtransformationbetweenthe2D imagesand3D range
scans.Thistransformationis basedon a match of 3D with
2D featuresthatmaximizesanoverlapcriterion. Our algo-
rithm attacks thehard 3D range to 2D image registration
problemin a systematic,ef�cient, andautomaticway. Im-
agescapturedby a high-resolution2D camera, that moves
and adjustsfreely, are mappedon a centimeter-accurate
3D modelof thesceneproviding photorealisticrenderings
of high quality. We presentresultsfrom experimentsin
threedifferenturbansettings.

1 Intr oduction

Thispaperdealswith theproblemof automaticposees-
timationandcalibrationof a 2D camerawith respectto an
acquiredgeometric3D modelof anurbanscene.Thepose
estimationis partof a largersystemwhichconstructshigh-
resolutionphotorealistic3D modelsfrom unregistered3D
rangescansanduncalibrated2D color images.Our goalis
to enhancethegeometricmodelwith photographicobser-
vationstakenfrom afreelymoving 2D cameraby automat-
ically recoveringthecamera'spositionandorientationwith
respectto themodelof thesceneandby automaticallycali-
bratingthecamerasensor. Weareattackingthestatedprob-
lemunderthefollowing assumption:the3D scenecontains
3D linesde�ning two majororthogonaldirections,i.e. one
major vertical directionandat leastonemajor horizontal
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direction. This is a valid assumptionthat representsthe
largemajorityof scenesin urbansettings.

Mostsystemsrecreatingphotorealisticmodelsof theen-
vironmentby a combinationof rangeand imagesensing
[2, 7, 19, 21, 26] solve the 3D rangeto 2D imageregis-
tration problemby �xing the relative position andorien-
tation of the camerawith respectto the rangesensor(the
two sensorsarerigidly attachedonthesameplatform).The
�x ed-relativepositionapproachprovidesasolutionthathas
thefollowing majorlimitations: A) The3D-rangeand2D-
imagecapturesoccuratthesamepoint in timeandfrom the
samelocationin space.That leadsto a lack of 2D sensing
�e xibility , sincethe limitations of 3D-rangesensorposi-
tioning (standoff distance,maximumdistance)will cause
constraintson the2D cameraplacement.Also, the2D im-
agesmay needto be recaptureddueto poor lighting con-
ditions at the time of the 3D-rangecapture.B) The static
arrangementof 3D and2D sensorsalsomeansthatthe2D
cameracannot be dynamicallyadjusted(by changingits
focal lengthandposition)to therequirementsof eachpar-
ticular scene. C) The �x ed approachcan not handlethe
caseof mappinghistoricalphotographson the modelsor
of mapping2D imagescapturedat a different instant in
time (underdifferent lighting conditions),somethingthat
our methodis ableto accomplish.In summary, by �xing
therelativepositionbetweenthe3D-rangeand2D-sensors,
we sacri�ce the�e xibility of 2D-imagecapturing.We be-
lieve thatmethodssimilar to theoneprovidedin thispaper
areessentialfor theaccuratephotorealisticcaptureof urban
scenes.

This work is a continuationof our original contribu-
tions on the subjectof 3D rangeto 2D imageregistration
[22, 23]. In previouswork, we provideda solutionfor au-
tomaticallymatching 3D and2D featuresfrom the range
andimagedatasets.Theapproachinvolvedtheutilization
of parallelismandorthogonalityconstraintsthat naturally
exist in urbanenvironments. This paperis basedon our
originalframework,but anumberof novelavenuesarenow
explored.Hereareour new contributions:

���

Extractionof
a richer setof 3D featuresby utilizing datafrom all reg-



istered3D rangeimagesat once.
�����

Utilization of new
type of higher-orderclustersof 3D and2D 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 algorithm is not a proba-
bilistic RANSAC approach.Thewholesearchspaceis ef-
�ciently andsystematicallyexplored.

�	�

Developmentof
user-interfacefor minimaluserinteraction.

Therearemany approachesfor thesolutionof poseesti-
mationproblemfrom bothpoint correspondences[17, 20]
and line correspondences[5, 10], whena setof matched
3D and 2D points or lines are known, respectively. In
the early work of [6], the probabilisticRANSAC method
for automaticallycomputingmatching3D and2D points
wasintroduced.This approachworks well only whenthe
percentageof outliers (i.e. incorrectly matchedpairs) is
small. Works in automatedmatchingof 3D with 2D fea-
turesin context of object recognitionand localizationin-
cludes[3, 9, 11, 13, 14, 18, 25]. Recently, ascale-invariant
approachin thecontext of 2D imageregistrationhasbeen
presentedin [16]. Teller [1] attacksthe2D imageregistra-
tion problemin urbanenvironmentsettingsaswell. In [27],
ZhaousesSFM andstereoalgorithmsto mapa continuous
videofrom anaerialsourceon a 3D urbanmodel. Ikeuchi
[12] presentsanautomated3D rangeto 2D imageregistra-
tion methodthat relieson the re�ectancerangeimage. In
our work, we attackthe3D rangeto 2D imageregistration
problemin anef�cient andsystematicway (i.e. we do not
rely exclusivelyon2D images).In orderto achievethis,we
haveimplementednovel featureextractionand3D rangeto
2D imagematchingtechniques.

2 3D FeatureExtraction

The �rst stepis to acquire
 rangescansto adequately
cover the3D scene.Thelaser-rangescanneris Cyrax2500
[15], anactive sensorthatemitseye-safelaserbeamsinto
thescene.It is capableof gatheringonemillion 3D points
at a maximumdistanceof 100meters.A rangescanof an
urbansceneisshown in (Fig.1(a)).Eachpointisassociated
with four values �
�������������

���

, where �����������

���

is its Carte-
siancoordinatesin the scanner's local coordinatesystem,
and � is the laserintensityof thereturnedlaser-beam.The
intensitydependson: the materialpropertiesof the phys-
ical 3D surface,the distanceof the point from the range
sensor, andtheorientationof thelaserbeamwith respectto
thelocal surfacenormalat themeasured3D point.

Eachrangescanis processedvia anautomatedsegmen-
tation algorithm [23]. A set of major 3D planesand a
setof geometric3D lines ��� areextractedfrom eachscan

��� �

�"!#!"!$��
 . Thegeometric3D linesarecomputedat the
intersectionsbetweensegmentedplanarregionsandat the
bordersof the segmentedplanarregions [23]. The range
scansareregisteredin thesamecoordinatesystemvia the
automatedrange-rangefeature-basedregistrationmethod

which is describedin [4, 24]. As a result,all rangescans
areregisteredwith respectto oneselectedpivot scan,in the
scene's coordinatesystem,namely %�&�' . In additionto the
geometriclines �(� , a setof re�ectance3D lines )�� areex-
tractedfrom each3D rangescan. They are producedby
discontinuitiesof thelaserintensity(Fig. 1(a)).We extract
2D lines from the re�ectanceimageusingstandardimage
processingtechniques(Canny edgedetectorfollowed by
orthogonalregression).Theendpointsof eachre�ectance

(a) (b)

(c) (d)

(e) (f)

Figure 1. (a) A range-scanof building 1 at a resolution
of one-million 3D points(Cyrax 2500 laserscanner).The
pseudo-colorof eachpoint correspondsto the returned
laserintensity. (b) Clusteredline setsfor building 1 (12
rangescans). Threemajor directionsare identi�ed with
different colors: red for vertical, greenand blue for two
horizontaldirections. (c) Lineson a 3D *,+.-0/ of building
1 (verticalandonehorizontaldirectionsareused).(d) Ver-
tical andhorizontal3D parallelepipedsfor the3D *,+1-�/ of
building 1 in 2
354 . (e) A 2D imageof building 1. (f) Verti-
calandhorizontalrectanglesfrom therecti�ed lineswhich
are extractedfrom the 2D imagein 27684 . Two vanishing
pointsareused.In images(d) and(f), thematching3D and
2D features,asextractedby our automatedalgorithm,are
highlightedin blue.

2D line �:9<;5��9�=

�

correspondto two 3D points ���<;.���>;?���.;

�

and �
�@=1���1=.���?=

�

whichde�ne a geometricline in 3D space.
We call this line a re�ectance3D line becauseit is com-
putedbasedon informationgatheredfrom the re�ectance



imagealone.
The combinationof all 3D geometricand re�ectance

linesprovidesaveryrich representationof theacquired3D
scene. We use A

&�' to representthoselines. Therefore:
A

&�'

�CB

�

)ED

�GF

�(D

�

, where )HD

�

and ��D

�

are the computed
re�ectancelines ) � andgeometriclines � � of eachscanaf-
ter their transformationsinto the scenecoordinatesystem

% &�'

; .
The next stepis to clusterthe line set A

&�' . Eachline
in a clusterhasthe similar orientationasevery other line
in the samecluster. Onelarge clusterof vertical 3D lines
and a numberof clustersof horizontal3D lines are ex-
pectedto beobtained.We call theclusterof vertical lines

A

&�'JI , and the one (or more) clustersof horizontal lines
A

&�'LK5M

��A

&�'LK#N

�"!"!#!"��A

&�'OKQP . Figs.1(b)showstheclustered
setsof 3D geometricandre�ectancelinesfrom oneof our
experiments.

In all thefollowing algorithms,3D and2D linesor fea-
turesaretransformedto thecoordinatesystem%SR�T$U�V . %WR�T$U�V

servesasa commonintermediatecoordinatesystemof ref-
erence,wherethehorizontalfeaturesareparallelto thex-
axis and the vertical featuresparallel to the y-axis. That
propertymakes the implementationsof featurematching
andtranslationcomputationvery ef�cient (seesection4).

%WR�T$U�V is de�nedby thethreeorthogonalaxes X

Y
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.
Let usconsideronepair of verticalandhorizontalclus-

ters ��A

&�'

I

��A

&�'
KQc

�

= . The3D linesof this pair arealigned
to theaxesof thecoordinatesystem%dR�T$U�V througha rota-
tion ef&�'(�
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, where
_Wk

�

directionof A

&�'

I , a1k

�

_Wkpo directionof A

&�'
KQc ,

and YWk

�

_Wkjoja8k . The transformed3D lines are fur-
ther clusteredinto major 3D planes.We call eachoneof
theseclustersa 3D q�r>s$t . Each3D q�r>s$t is thusde�ned
by its base-planeandall lines that lie on it. The linescan
beeitherverticalor horizontalbut their distancesfrom the
base-planeshouldbesmallerthana user-de�ned threshold

uwv

K .

2.1 RectangularParallelepipedExtraction

Our goal is to obtain3D featuresfrom the3D line sets
thatarematchablewith 2D featuresfrom the2D color im-
ages. Matching individual 3D lines with individual 2D
lines is impracticaldue to the large sizeof the generated
searchspace.Anotherproblemis that some3D lines are
not presentin the 2D imageandvice versa(eg. 2D lines
thataregeneratedbyshadingdiscontinuitiesarenotpresent
in the 3D modelof the scene).Therefore,we usehigher
level features,i.e. vertical or horizontal3D rectangular

x

Notethatweknow therotationalandtranslationaltransformationbe-
tweenrangescansfrom our range-rangeregistrationmodule.

y

This pair canbeinteractively selectedby theuservia a simplecolor-
baseduserinterface.

parallelepipedsthatcanbematchedwith 2D rectanglesob-
tainedfrom the2D images.

The rich setof geometricandre�ectancelines in a 3D
q�r>s$t (seesection2) aregroupedinto setsof lines which
de�ne 3D rectangularparallelepipeds& in space.The set
of extractedparallelepipedsfor a 3D q�r>s$t is called e{z .
Eachparallelepiped|�9~}•e{z containsclustersof nearby
3D lines.Therearetwo typesof clusters:vertical(contain-
ing lines parallel to the vertical direction)and horizontal
(containinglinesparallelto thehorizontaldirection). |09 is
thusde�ned by threeattributes: 1) type: vertical or hori-
zontal; 2) tl : top left vertex of |09 ; 3) br : bottomright
vertex of |09 . Thecomputationof theset e{z is doneasfol-
lows. Initially, every line on a 3D q�r>s$t becomesa trivial
parallelepiped|09 . This trivial |09 is a rectanglewith a �x ed
initial width. Whenprojectionsof two |09 on the3D q�r>s$t

base-planeoverlap,thesetwo |09 aremergedinto a bigger
|09 which includesall lines in them. This merging process
will continueuntil thereis no overlapbetweenany of the
remaining|09 . SeeFig.1(d)for results.

3 2D Feature Extraction, Inter nal Camera
Calibration, & Rotation Computation

The internal parameters(focal length and principal
point)of thecamerasensorcanbecalculatedfrom a2D im-
age,if theimagecontainsat leasttwo vanishingpoints(i.e.
the3D scenewhich thecamerais viewing hasat leasttwo
majorscenedirections).We useour previously developed
robustmethodsto generateandcluster2D linesfrom a 2D
image[22]. The result is a setof major vanishingpoints
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;
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=
�
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�

€‚•

. Usingthemethodsdescribedin [22] we
cancomputethe centerof projection ƒ

�„Z …l†

�

…�‡

�

…�ˆ

^

�

(effectivefocal lengthandprincipalpointexpressedin pix-
els)by utilizing thr eeorthogonalvanishingpoints. In the
casethat the scenecontainsonly two vanishingpoints,
we calculatethe centerof projectionas follows.Thetwo
vanishingpoints

€

; and
€

= areexpressedin the camera
coordinatesystemas:
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;
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��]5^

�

. The anglebetweenthe directionsthat
createdthevanishingpointsis givenby theclustersof 3D
lines(in mostscenarios,it' s 90 degrees).If this angleis ‹

radians,thenŒ$•8ŽQ�
‹

�E�


•��ƒ‘•

€

;

�?i


•��ƒ‘•

€

=

�

, where
•��’

�

is the unit vectorparallel to vector ’ . The effective focal
length

…�ˆ

canbecomputedfrom theequationby assuming
anapproximateprincipalpoint �

…J†

�

…H‡.�

atthecenterof the
image.This approximationis further re�ned at theendof
thissection.

Thematchingof thecomputedvanishingpointswith the
extractedmajor scenedirections A

&�'

I and A

&�'
KQc canbe

“

Note that we areextractingparallelepipedsinsteadof rectangles(a
rectanglecanbeviewedasa parallelepipedwith zerowidth). Wecannot
expectall 3D linesto lie exactly on top of the3D ”.•"–�— base-plane;some
of the lines areproducedby architecturaldetailson eachfacade,or by
window frames.Therefore,theextractedlinearfeaturesof each3D ”5•#–�—

maylie asfaras ˜�™›š metersaway from themajorscenefacade.



automaticallyachievedby usinga-prioriassumptionsabout
the position of the camerawith respectto the 3D scene,
or by usinginformationaboutthe relative sizeof matched
clusters.Alternatively, theusercaneasilypick thecorrect
matchesthrougha color-baseduser-interface. The corre-
spondencebetweenvanishingpoints

€

I ,
€

K?œ and3D di-
rections A

&�' I , A

&�'LK c , providesa solutionto the rotation
ef= ' that bringsthe 2D featuresin the coordinatesystem

% R�T$U�V (seeSec.2):ef= '

�[Z

X

Y

X

_

X

a

^

�•i$Z


•�
’d;

o

’W=

�

’d;<’W=$^�m

�

,
where ’d;
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o
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••ƒ

���

.
Thenall 2D linescanberecti�ed by applyingtherotation

e = ' about ƒ andthenby projectingto theimageplane.
Thecenterof projection ƒ canbefurtherre�ned asfol-

lows. By construction,the recti�ed 2D lines from A

= ' I

and A

= 'OK c shouldbeparallelto the �f•žr,�

��Ÿ

and �••žr,�

��Ÿ

of % R�T$U�V , respectively (Fig. 1(f)). But if the estimationof
ƒ is notaccurate,theanglebetweentheactualdirectionof
a recti�ed line andits expecteddirectionwill not be zero.
This per-line computedangleis consideredto be an error
due to an inaccurateƒ computation.The sumof the er-
rorsof all lines,called  , is usedasacriterionto computea
moreaccuratecenterof projectionasfollows. We consider
all possiblecentersof projectionsin a smallspatialneigh-
borhoodaroundthe initially computedcenter ƒ . Search-
ing for thebestcenterof projection ƒ

R�V�U

v

is donesequen-
tially in a spiralmannerin theneighborhoodof the initial

ƒ . ƒ
R�V�U

v

is the �rst centerof projectionthat producesan
angleerror   lessthana user-de�ned threshold 

v

K (nor-
mally between2 to 5 degrees).Thenwe have thecamera
calibrationmatrix ¡ as([8]):

¡

�

¢

¢

¢

¢

¢

¢

•��

…

R�V�U

v

��ˆ

] �

…

R�V�U

v

��†

] •��

…

R�V�U

v

��ˆ

�

…

R�V�U

v

��‡

] ]

�

¢

¢

¢

¢

¢

¢

The samemethodis appliedto extract horizontaland
verticalrectangular2D featurese

…

astheoneusedto ex-
tract3D featurese{z in Sec.2.1,exceptthat the extracted
2D featureshasazerodepth,i.e. they arerectanglesinstead
of parallelepipeds.

4 Translation Computation

In this sectionwe presentthe algorithmthat automati-
cally computesthe translationbetweenthescene%�&�' and
thecamera%�£�T¥¤JV�¦0T coordinatesystems(Fig.2). Fromthe
previoussteps,we have thesetsof 3D parallelepipedsefz

and2D rectanglese

…

readyto bematchedin %
R�T$U�V . The

rotatione thatbrings%
&�' to %

£�T¥¤JV�¦0T is e

�

ef=
'

m

;

i

e
&�' .

The two rotationalcomponentse
&�' and ef=

' werecom-
putedin sections2 and3, respectively.

In order to computethe translationbetweenthe scene
andcameracoordinatesystems,we needto identify § 3D
parallelepipeds|09 (seeFig.1(d) for an examplesetof 3D
features)that match § 2D rectangles|5s (seeFig.1(f) for
anexamplesetof 2D features).It is importantto notethat

we canonly matchhorizontal3D featureswith horizontal
2D features,andvertical3D featureswith vertical2D fea-
tures.Theproblemis thusreducedto a 2D patternmatch-
ing problem. A single matched|09 with a |5s is not able

Features M atching &  Translation Computation

3D Rectangular Parallelepipeds (RP)) 2D Rectangles (RC))

  Get 2 feature pairs  ((rp1, rc1))  and  ((rp2, rc2))

  Compute translation  tt(rp1, rc1)

Compute translation  tt(rp2, rc2)

Compute overlap  OO(rp2, rc2) 

by applying  tt(rp1, rc1)  

Compute overlap  OO(rp1, rc1)  

by applying  tt(rp2, rc2)  

Final translation  tt  is the weighted 
average of  tt(rp1, rc1)    and  

tt(rp2, rc2)..  Store  tt  in list  TT

OO(rp2, rc2) > OOth  

OO(rp1, rc1) > OOth  

OO(rp2, rc2) < OOth  

OO(rp1, rc1) < OOth  

No more pairs

Grade each  ttii  in  TT  

GGii > GGth

Optimization of  ttii

Final Translations

STEP 1

STEP 2

STEP 3

STEP 4

STEP 5

STEP 6

Figure 2. Translationcomputationalgorithmoutline.

to provide the correcttranslationasour experimentshave
shown. This is dueto thenatureof our extractedfeatures.
However, two correctly matched|09 with 2D |5s are able
to provide us a very accuratetranslationaswill be shown
in the algorithm to follow. Thus our algorithm searches
throughall pairsof possiblematchessystematically. Note

thatwe considerall �
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�<ª
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I
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I

©

�

possiblematchedpairs(where
¨

K

�

¨

I are the numberof
horizontalandvertical |09 , respectively, and 


K

��


I arethe
numberof horizontalandvertical |5s , respectively). This is
a large searchspace,but it canbe ef�ciently exploredas
our resultsshow (seeSec.5).

Our algorithmconsistsof six steps(Fig.2). In the �rst
four steps,a list of candidatetranslationsarebeingcom-
putedfrom theexplorationof all possiblematchesbetween
pairsof 3D parallelepipedsandpairsof 2D rectangles.The
�fth stepdeterminesthegradesof eachcandidatetransla-
tionsbasedon thenumberof matching3D and2D feature
pairs producedby this translation. The candidateswith
gradessmaller than a thresholdwill be eliminated. The
sixth stepsearchesin the neighborhoodof eachremain-
ing candidatetranslationfor the one that maximizesthe
amountof overlap. Thus, for eachcandidate,a �nal op-
timizedtranslation«5¬�­

v

is computed.
For a 3D feature (parallelepiped) pair ®?¯

�

�
|09

;

��|�9

=

�

}°e{z

o

efz , anda 2D feature(rectangle)pair



®5±

�

�
|5s ; ��|5s =

�

}²e

…

o

e

…

, c is de�ned asthecentroid
of a 3D or 2D feature,while ³�&�' is thebase-planeof 3D

q�r>s$t where®?¯ lie onand ³ = ' is the2D imageplane(note
that theseplanesareparallelto thex-y planeof the %dR�T$U�V

coordinatesystem).
(Step 1) Considerthe next pair of 3D features®Q¯

�

�
|09

;

��|�9

=

�

to matchthepairof 2D features®5±

�

�
|5s5;5��|5s$=

�

.
All possiblematchingpairsareconsidered.Many of them
canbediscardedasshown in thefollowing steps.

(Step 2) We assumethat the 3D feature |�9

;

matches
the 2D feature |5s ; . Thenthe translationvector «8´

¦ ­

M�µ

¦0£

M�¶

that brings the centroidsof both featuresinto alignment
shouldsatisfythe following equation(seeFig.3): ±>¦0£

M

�

¡

Z�·•¸

«1´

¦ ­

M µ

¦�£

M ¶

^?±1¦ ­

M , where
·

is identity matrix. «8´

¦ ­

M µ

¦0£

M ¶

is computedasfollows. First,we computetheratio 9�¹

�

��tQ
W¦ ­

M

�ntQ
W¦�£

M , where��tQ
 indicateslengthof thefeature(horizon-

tal or vertical length dependingon feature's type). This

lenrpi

3D Feature rpi

ccrpi

dd

lenrci

ccrci 2D Feature rci

tt  (r pi ,r ci)CCbest

YY

XX

ZZ

SSbase

  pp  2D

Figure 3. Translationcomputation.

ratio re�ects the scalethat should be applied to the 2D
imagefeature(measuredin pixels),so that it matchesthe
3D feature(measuredin meters). Then, consideringthe
line segmentfrom the centroidof the 2D feature ±>¦0£

M to
thecenterof projection ƒºR�V�U

v

, we �nd the point d so that
»�¼¾½
¿�À�Á

m�Â

»

»�¼
½
¿nÀnÁ

m@Ã�Ä�Å�Æ

M

»

�

9�¹ , where Ç¥’HÇ denotesthenormof vec-
tor ’ . The translationvector «8´

¦
­

M0µ

¦�£

M�¶ cannow computed
as follows (Fig.3): «8´

¦
­

M¥µ

¦�£

M�¶

�ÉÈ

•Ê±
¦0£

M . This transla-
tion vectortranslatesthe 3D feature |09W; (note that |09<; is
alreadyexpressedin thecommoncoordinatesystem%

R�T$U�V )
into theuniquepositionthatmakesits projectionto theim-
ageplane³

=
' havethefollowingproperties:A) Thelength

of theprojectionof |09
; is exactly thesameasthelengthof

|5s
; , andB) Thecentroidof |09

; is projectedexactlyon the
centroidof |5s

; . The estimationof this translationvector
canbeperformedvery ef�ciently in thecoordinatesystem

%WR�T$U�V . This is oneof the factorsthatattributesto theef�-
ciency of ouralgorithm.

Thejustobtainedtranslationbringsthetwo features|09
;

and |5s
; into alignment(the centerof |09

; is projectedon
thecenterof |?sQ; ). A correcttranslationwill alsobring |�9�=

and|5s$= into alignmentif these2 featuresarecorresponding
to eachother. By applyingthetranslation«,´

¦
­

M¥µ

¦�£

M�¶ to |09

=

,
andprojectingit onto ³@=

' , weproducea 2D featurecalled

|09

=

­ (this is a 2D rectangle): |09
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where

Ë

is thefunctionthatprojects3D featuresonto ³ = ' .
This is achievedby projectingtwo translateddiagonalver-
tices(top left andbottomright) of the3D featureonto ³ = '

and then generating2D rectanglebasedon the two pro-
jectedvertices.Thepercentageof overlapamongthe fea-
tures|09�=

­ and |5s$= is denotedas ÍÎ´

¦ ­

N�Ï

µ

¦�£

N�¶ . If thisoverlap
is largerthanauser-de�ned thresholdÍ

v

K (normally80%),
we proceedto thenext step;otherwisewe go backto step
1, andhave thenext pairof featuresto bematched.

(Step3) Step2 is repeatedfor thecomputation«8´

¦ ­

N¥µ

¦0£

N�¶

(we now assumethat |09 = matches |5s = ). If the over-
lap Í•´
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M�¶ is larger than Í
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K as well, the two pairs
�
®?¯���®5±

�

}•e{z

=

o

e

…

= areconsideredasmatchingcan-
didates(otherwisethenext pairof matchesis consideredat
step1).

Figure 4. Cameracon�gurationswith respectto texture-
mapped3D modelsof buildings 1 (top) and 3 (bottom).
Thewhitedotsarethelocationsof theautomaticallyrecov-
eredcameras,andthegreenaxesarethesensingdirections
of the cameras. For building 1, nine ground-level cam-
erasare recovered. Two imagesare shot from balconies
of nearbybuildings. For buildings2 and3, six imagesare
recoveredrespectively.

(Step4) The�nal translation«1´\Ð�Ñ
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(Step5) By repeatingsteps1 through4 on all possible

pairsof 3D and2D featurepairs �
®?¯l��®5±

�

}°e{z

=

o

e

…

=

,
the translationsof all matchingcandidatesare computed



andstoredin a set Ú . Eachtranslation«?� in Ú is applied
to all |09Ù}Ûefz . The translated|09 arethenprojectedon

³ = ' , producingrectangles|09

­ . Every pair �
|09

­

��|?s

�

with
overlaplarger than Í

v

K is storedin theset ÜÝ� . The total
numberof thepairsin ÜÝ� is de�ned asthegradeÞ�� of the
translation« � . « � in Ú arethensortedbasedon Þ � , andthe
translationswith gradelessthana user-de�ned threshold

Þ

v

K aredeletedfrom thelist ß . Thisincreasestheef�ciency,
withoutsacri�cing theaccuracy of thealgorithm.

(Step 6) Each translation « � in the list Ú can be op-
timized even further. Our goal is to maximizethe over-
lap betweenmatchingpairsproducedby eachtranslation

« � (the set of matchingfeaturesfor eachtranslationhas
beenstoredin ÜÌ� – seeprevious step). We considera
neighborhoodàá� of all possibletranslationsaround«?� . For
eachoneof thetranslationsin this neighborhood,theover-
lap betweenthe matchingfeaturesin Üâ� is calculated.
The translationin àá� that producesthe maximum over-
lap is chosenasour �nal optimumresultfor «?� : « ¬�­
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As a result, the useris presentedwith a sortedlist of

«
¬�­

v

�

���

. In most cases,the translationwith the highest
grade(i.e. largestnumberof matchingfeatures)is theone
that producesthe bestresult. Otherwise,usercan select
the 2nd, 3rd or other listed translation. This selectionis
extremelysimple,sinceusercaninstantlyassessthecom-
putedtranslationby visually inspectingthecomputedtex-
turemappedresult.

Finally, a point Y

&�' can be transformedfrom the 3D
scenecoordinatesystemto a point Y

£�T¥¤ in the2D camera
coordinatesystemvia:
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5 Resultsand Conclusions

We performed experiments in three urban settings
(buildings1, 2 and3). Buildings1 and2 areregularurban
structureswith many windows andlarge planes(a photo-
graphof building 1 is shown in Fig.1(a)),while building 3
hasamorecomplicatedstructure(asshown in Fig.5bottom
two images).A numberof 3D rangescansand2D images
wereacquiredfor eachbuilding. After therangescansare
registeredon the samecoordinatesystem,the 2D images
areautomaticallycalibratedandregisteredonthe3D model
of eachacquiredstructure.Fig.4presentsoverviewsof our
texture-mappingresultsandautomaticallyrecoveredcam-
eracon�gurations. We have not performedany intelligent
blendingof overlapping2D images,somethingthatwill be
part of our future work. Finally, detailedtextured maps
areshown in Figs.5.Two of theautomatedtransformations
computedfrom building 3 requireda verysmallcorrection

ì

Thegradethresholdí
™7š is computedas í

™7šlî
í1ï¾ð\ñ�òOówônõöí

ïS÷¥ø@ù

í1ï¾ð\ñ,ú , where í

ïS÷¥ø and í1ï¾ðÒñ arethemaximumandminimumgrades,
ûQü ýHþ

ó

þ ÿ¥ü û

.

Figure 5. Detailsof texture-mapsfor buildings1 (topleft
image),2 (top right) and 3 (bottom two images)veri�es
the high accuracy of the automatedalgorithm. Note, that
for building 3 we show resultsusing imagestaken under
differentlighting conditions.



(few pixels of translationaladjustment)by a humanuser
throughoureasyto useuserinterface.

Theperformanceof our 3D rangeto 2D imageregistra-
tionalgorithmis shown in Table1. Thefollowingabbrevia-
tionsarebeingused.FP:Numberof featurepairs(number

Table 1. Building 1 (11 images,123D scans)– Building
2 (6 images,3 rangescans)– Building 3 (6 images,4 range
scans)

FP(
���

o

©��

) CM G OP(%) RDT(%) T
�8���

o

�

]1] 25 14 91.23 0.21 42sec
���

o	�

�

9 13 95.67 0.49 2 sec
�8���

o
��� 28 17 93.45 0.43 11sec
�8���

o

���

� 8 20 92.34 0.04 85sec
�8���

o

�

]�� 15 9 91.23 0.12 44sec
�8���

o

���

19 11 92.05 0.37 4 sec
�8���

o

���

7 32 94.56 0.08 21sec
�8���

o

�8���

20 18 87.14 0.15 55sec
�

�•o

©��

1 16 98.40 0.1 0.6sec
�8���

o

���

14 16 93.78 0.17 18sec
�

�•o	��
 9 5 89.31 0.43 1.5sec
�

©

o��

] 4 13 92.79 0.09 4 sec
�

�

o	��� 155 18 96.13 4.4 35sec
�

�

o

�

� 153 22 90.17 5.2 38sec
�

©

o��

�

8 8 86.38 0.19 5 sec
�

©

o

�

�

4 9 93.14 0.12 3 sec
�

©

o	�

�

18 7 92.23 0.61 4 sec

�

�

o

�8] 12 8 87.62 0.29 6 sec
�

�

o��

�

18 8 92.45 0.31 10sec
�

�

o

�


 18 11 94.34 0.69 3 sec
�

�

o

�

� 12 11 91.74 0.47 2 sec
�

�

o

�	�

23 7 88.16 0.48 9 sec
�

�

o

���

7 8 93.51 0.31 1 sec

of 3D features o number2D features),CM: Numberof
candidatetranslationsin list Ú afterthresholding(seesixth
stepof algorithmof Sec. 4), G: Gradeof optimumtrans-
lation «?¬�­

v

(numberof matchingfeatures),OP:Amountof
overlap amongmatchingfeatures(see�fth stepof algo-
rithm of Sec.4),RDT: Percentageof candidatetranslations
(CM) over all possibletranslationsgeneratedby matches
of 3D and2D features,T: Executiontimeof theautomated
registrationalgorithmon a 2GHz Pentiummachine. The
fastexecutiontime is basedon the largereductionof can-
didatetranslations(seeRDT column).

In this paper, we presenteda novel andef�cient algo-
rithm for the3D rangeto 2D imageregistrationproblemin
urbanscenesettings.Our input is a setof 3D rangescans
and a set of 2D images. The rangescansare abstracted
into setsof 3D lines, followed by threeclusteringsteps.
As a result, setsof 3D featuresare extracted. For each
2D image,featuresaregeneratedvia vanishingpoint ex-
traction,cameracalibrationandrecti�cation steps.Finally,

an automatedalgorithm computesan optimizedtransfor-
mationbetweenthe 2D imagesand3D rangescans.This
transformationis basedona matchof 3D with 2D features
thatmaximizesanoverlapcriterion.Our algorithmattacks
the hard3D rangeto 2D imageregistrationproblemin a
systematic,ef�cient, andautomaticway, in the context of
urbanscenes. Imagescapturedby a high-resolution2D
camera,which movesandadjustsfreely, aremappedon a
centimeter-accurate3D modelof thesceneproviding pho-
torealisticrenderingsof highquality.
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