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Abstract

Recently, theproblemof learningvolumetricmapsfrom
three-dimensionalrangedatahasbecomequitepopular
in thecontext of mobile robotics.Oneof thekey chal-
lengesin this context is to reducethe overall amount
of data. The smallerthe numberof datapoints,how-
ever, the fewer information is available to register the
scansandto computea consistentmap. In this paper
we presenta novel approachthatestimatesglobalcon-
straintsfrom the dataandutilizes theseconstraintsto
improve theregistrationprocess.In our currentsystem
wesimultaneouslyminimizethedistancebetweenscans
andthedistanceof edgesfrom planesextractedfrom the
edgesto obtainhighly accuratethree-dimensionalmod-
elsof theenvironment.Severalexperimentscarriedout
in simulationaswell aswith three-dimensionaldataob-
tainedwith a mobile robot in an outdoorenvironment
we show thatour approachyieldsseriouslymoreaccu-
ratemodelscomparedto a standardapproachthatdoes
notutilize theglobalconstraints.

Intr oduction
Learning mapswith mobile robots is a high-dimensional
stateestimationproblemwhich requiresa simultaneousso-
lution to the questionof how to updatethe mapgivensen-
sory input andan estimateof the robot's poseaswell asto
thequestionof how to estimatetheposeof the robotgiven
themap.Recently, techniquesthatcomputethemostlikely
mapbasedonagraphof spatialrelationshavebecomequite
popular (Lu & Milios 1997; Gutmann& Konolige 1999;
Frese2004;Konolige2004). Theadvantageof suchmeth-
odsis thatthey actuallydonotrequireprede�nedlandmarks.
Ratherthey cancopewith arbitraryrepresentationsby con-
sideringso-calledconstraintsbetweenthe poseswhereob-
servationsof theenvironmentwereperceived.

Theapproachproposedin thispaperis basedon thetech-
niquefor consistentposeregistrationbyLu & Milios (1997).
Thekey ideaof thisapproachis to determineconstraintsbe-
tweenpositionswheremeasurementswere obtainedfrom
the odometrybetweensuccessive posesand from match-
ing rangescanstakenat di� erentposes.Theapproachthen
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minimizesanenergy termcomposedof the individual con-
straintsbetweentheposes.

In the past, this approachhasmainly beenapplied for
two-dimensionalrepresentationsof theenvironmentandin
many applicationsscanmatchingbasedon laserrangescans
hasbeenusedto determinethe necessaryconstraints.Ac-
cordingly, the computationalrequirementsfor generatinga
constraintfrom two observationsis limited. This, however,
changesin the context of learningvolumetric mapsfrom
three-dimensionalrangescans.Due to the enormouscom-
plexity of eachscan,which may consistof 500,000prox-
imity valuesperscan,only a restrictednumberof scanscan
be storedandactuallyusedto extract the constraints.This
introducestwo problems. First the systemmight become
under-constrainedand second,due to the reducedoverlap
betweenthe scans,the quality of the individual constraints
becomeslow.

In this paper, we presentan approachto extract global
constraintsfrom 3d rangescansand to utilize thesecon-
straintsduring the optimizationprocess. Our approachis
motivatedby the fact that many man-madeenvironments
suchasbuildingsoftencontainfeaturesthatcanbeobserved
in many views andat similar places.For example,thewin-
dows belongingto oneandthesamelevel of a building are
typically at thesameheightonall sidesof thebuilding. Ac-
cordingly, the windows introduceadditionalconstraintson
rangescanseven if thescanshave only a small or even no
overlap.Thekey ideaof theapproachproposedin thispaper
is to extractsuchglobalconstraintsfrom three-dimensional
rangescansandto improve theoptimizationprocessbased
on theseglobalconstraints.

In the remainderof this paperwe describeour approach
andits implementationonamobilerobot. In practicalexper-
imentscarriedoutwith acomplex outdoordatasetwe illus-
tratethattheglobalconstraintsseriouslyimprovethequality
of theresultingmapsespeciallyin situationsin whichthein-
dividual rangescanshavea limited overlap.

RelatedWork
The problem of simultaneousmapping and localization
has been studied intensively in the past. The individ-
ual approachescanbeclassi�ed alongmultiple dimensions
which include importantaspectslike the type of the rep-
resentationof the environment and the questionof how



the posteriorabout the robot's poseand the map is rep-
resented. ExtendedKalman Filter methodsbelongto the
mostpopularapproachesanddi� erentVariantsof this tech-
nique have been proposed(Moutarlier & Chatila 1989;
Leonard& Feder1999; Guivant, Nebot, & Baiker 2000;
Dissanayake et al. 2001;Thrunet al. 2004). Thekey idea
of thesetechniquesis to simultaneouslyestimatetheposes
of landmarksusingan ExtendedKalmanFilter or a variant
of the ExtendedInformation Filter. As mentionedabove,
an alternative approachis to computethe most likely map
basedon a graphof spatial relations(Lu & Milios 1997;
Gutmann& Konolige 1999; Frese2004; Konolige 2004).
The advantageof such methodsis that they do not re-
quire prede�nedlandmarks.Ratherthey cancopewith ar-
bitrary representationsby consideringso-calledconstraints
betweenthe poseswhereobservationsof the environment
wereperceived.However, mostof theseapproachesrely on
theassumptionthattheenvironmentcanberepresentedby a
two-dimensionalstructure.

Recently, severalauthorsinvestigatedtheproblemof con-
structing3d-modelsof buildings. For example,Stamos&
Leordeanu(2003)construct3d-modelsby combiningmul-
tiple views obtainedwith a 3d rangescanner. Früh & Za-
khor (2004) presenta techniqueto learn accuratemodels
of large-scaleoutdoorenvironmentsby combininglaser, vi-
sion, and aerial images. Thrun, Burgard, & Fox (2000)
usetwo 2d rangescanners.The �rst is orientedhorizon-
tally whereasthe secondpoints toward the ceiling. By
registeringthe horizontalscansthe systemgeneratesaccu-
rate three-dimensionalmodels. In a more recentwork by
Thrun et al. (2003) several rangescannerswere usedto
learn modelsof undergroundmines. Nüchter, Surmann,
& Hertzberg (2003) developeda robot that is able to au-
tonomouslyexplorenon-planarenvironmentsandto simul-
taneouslyacquirethe three-dimensionalmodel. Compared
to theseapproaches,which directly comparerangescansto
estimatethe poseof the vehicles,the algorithm proposed
in thispaperextractsglobalconstraintsfrom therangescans
andutilizestheseconstraintsin anoptimizationprocesssim-
ilar to thatof Lu & Milios (1997).As aresult,ouralgorithm
cancopewith fewer scansandevenwith a smalleroverlap
betweentheindividualscans.

Network-basedPoseOptimization
Supposewe aregivena setof N partialviewsV1; : : : ; VN of
ascenein 3D. A view Vn is de�ned by asetof s(n) pointsin
3D, wheres(n) is de�ned asthesizeof view Vn. Wewill de-
notethesepointsaszn

1; : : : ; zn
s(n). Eachview Vn is takenfrom

a positionxn 2 R3 andan orientation(' n; #n;  n). The tu-
ple (xn; ' n; #n;  n) is denotedastherobotposepn. Thegoal
now is to �nd a setof posesthat minimize an appropriate
errorfunctionbasedon theobservationsVi ; : : : ; VN.

Following theapproachdescribedby Lu & Milios (1997),
weformulatetheposeestimationproblemasasystemof er-
ror equationsthatareto beminimized.We representtheset
of robotposesasaconstraintnetwork,whereeachnodecor-
respondsto a robotpose.A link l in thenetwork is de�ned
by a set of nodesthat are connectedby l. It representsa

constraintbetweentheconnectednodes.Notethatthis is an
extensionof thelink de�nition givenby Lu & Milios (1997)
who only considerlinks betweenpairsof nodes.In thefol-
lowing, we will deal with two di� erentkinds of network
links, namely

� links that connectexactly two consecutive robot poses
(so-calledlocal links) and

� links that connectseveral, not necessarilyconsecutive,
robotposes(denotedasglobal links).

3D vs. 2D Registration
Lu & Milios (1997) representa local constraintbetween
posespi and p j as the di� erenceDi j in position and ori-
entation.Let usassumethatRi j is therotationmatrix corre-
spondingto the di� erence(' j � ' i ; # j � #i ;  j �  i) in the
Euleranglesof pi andp j . ThetermDi j is considereda ran-
domvariablewith meanD̄i j andcovarianceCi j . Assuming
that an estimateof D̄i j is given by local scanmatchingin
termsof a rotationR̄i j anda translationt̄ i j , we canexpress
eachscanpoint zi

h from view Vi in thelocal coordinatesys-
temof posep j as

z̄i
h = R� 1

j (R̄i j(Rizi
h + xi) + t̄ i j � x j); (1)

whereRj is therotationde�nedby (' j ; # j ;  j) andRi theone
de�ned by (' i ; #i;  i).

In orderto understandtheadditionalproblemsintroduced
bymoving from 2dto 3d,letusconsidertheposedi� erences
Di j in thesituationin which xi = 0 andx j = 0. If thescan
matchingis perfect,we obtain t̄ i j = 0. Undertheassump-
tion that the commonpoints in both scanscanbe matched
perfectly, this resultsin

z j
h = R� 1

j R̄i jRizi
h: (2)

Here we can seea major di� erencebetweenthe 2D case
andthe 3D case. For rotationsin 2D it is guaranteedthat
R̄i j = Ri j . This canbe seenby settingtwo of theEuleran-
glesto 0. In 3D however, this is not truein general.In prac-
tical experimentswe foundout thatin 3d theapproximation
of Ri j by R̄i j obtainedfrom scanmatchingintroducesa lin-
earizationerror thatoftenpreventstheoptimizationprocess
from converging.

De�nition of Local Constraints
To copewith this problem,we considera quadraticerror
function and in this way avoid linearizationerrors. More
speci�cally, we computethesumof squarederrorsbetween
correspondingpointsfrom bothviewsVi andV j. Thismeans
that the error de�ned betweenposespi andp j canbe ex-
pressedas

l(pi ; p j) :=
CX

� =1

kRizi
c1(� ) + xi � (Rjz

j
c2(� ) + x j)k2 (3)

where(c1(1); c2(1)); : : : ; (c1(C); c2(C)) is thesetof C corre-
spondencesbetweenpointsfrom theviewsVi andV j .

Sincethis error functionis non-linearin theposeparam-
eterspi andp j we cannotusetheclosed-formsolutiongen-
erallyusedin thecontext of two dimensions.



De�nition of Global Constraints
In general,a globalconstraintbetweendi� erentrobotposes
canbede�ned in many possibleways.For example,if a set
of 3D landmarks� 1; : : : ; � G with known posesis given,then
eachof theselandmarksconstitutesaglobalconstraintonall
robotposesfromwhichapartialview ontothelandmarkwas
taken. The evaluationfunction 
 j that correspondsto the
globalconstraintg j is thende�nedby thesquaredEuclidean
distancebetweentheview Vi andthelandmark� j .

In this paper, we will not assumetheexistenceof known
landmarks.We ratherde�ne theglobalconstraintsbasedon
theobject(s)seenfrom thedi� erentviews. This stemsfrom
theobservationthatmany realworld objects,suchasbuild-
ings are highly self-similar. For example,if a building is
seenfrom two sides,it is very likely that speci�c features
thatareextractedfrom bothviews (e.g.,windows, theedge
betweenwalls andthe roof etc.) areon the sameabsolute
height in both views. In general,many di� erenttypesof
featuresarepossible,wherehigh-level featuressuchaswin-
dows,doorsetc.constrainthealgorithmto beapplicablefor
speci�c objectslike buildings. We thereforerely on low-
level features,in particular3D edges.

Beforewediscusshow to extractedgesfrom rangescans,
we will �rst describehow we actuallyusetheedgesto gen-
erateglobalconstraints.Assumewe aregivena setof edge
featuresEi = fei

1; : : : ; ei
Mg for eachview Vi . We de�ne a

globalconstraintasaplaneP thathasasu� cientsupportby
edgesdetectedin di� erentviews. Herethesupportsupp(P)
of aplaneP is de�nedby all edgesethatlie entirelyinsidea
givencorridoraroundtheP. Giventhesupportwecalculate
theerrorimposedby aglobalconstraintg betweentheposes
pi1; : : : ; pik as

g(pi1; : : : ; piK ) :=
KX

k=1

X

e2Eik \ supp(P)

d(Rike+ t ik ; P) (4)

Here,d de�nesthesquareddistanceof therotatedandtrans-
lated edgee to the plane P. In our implementation,this
equalsthesumof squaredEuclideandistancesbetweenthe
transformedverticesof eandP.

Poseestimation
As statedabove,weformulatetheposeestimationasamini-
mizationproblemfor agivensetof errorequations.Suppose
thenetworkconsistsof L localandG globalconstraints.The
aim now is to �nd a setof posesp1; : : : ; pN thatminimizes
theoverallerrorfunction f :

f (p1; : : : ; pN) :=
LX

i=1

l i(p� 1(i); p� 2(i)) � � +

GX

i=1

gi(p� 1(i); : : : ; p� K(i)(i)) � (1 � � ) (5)

Here,� is introducedasa factorthatweighsbetweenlocal
andglobalconstraints.To solvethisnon-linearoptimization
problemwe f by usingtheFletcher-Reevesgradientdescent
algorithm.

It shouldbe notedthat the global minimum for the er-
ror function f is not unique.This is becauseboth local and
globalconstraintsareonly de�ned with respectto the rela-
tive displacementsbetweenthe robot posesandthe global
minimumof f is invariantwith respectto a� netransforms
of theposes.In practice,this problemcanbesolvedby �x-
ing oneof therobotposesat its initial value.Thentheother
posesareoptimizedrelative to this �x edpose.

Approximating Corr espondencesand Planes
Whenformulatingtheerrorfunctionsin Eqns.(3)and(4)we
assumedsomeprior knowledgeaboutthe local andglobal
constraints. In the caseof the local constraints,we as-
sumedthat the correctcorrespondencesbetweenpoints in
two di� erentviews are given. For the global constraints
we assumedthat theoptimal coordinatesfor theplanesare
given. However, in practiceboth assumptionsdo not hold.
Thereforeweapproximateboththecorrespondencesandthe
planesfor theglobalconstraints.

Obtaining the Correspondences
For a givensetof initial robotposespi andp j we calculate
thecorrespondencesof pointsbetweenconsecutiveviewsVi
andV j by applyinga variantof the Iterative ClosestPoint
scanmatchingalgorithm(ICP)describedin (Besl& McKay
1992). After convergenceof the ICP, we obtain the corre-
spondencesdirectly from the last ICP iteration. In general,
ICP is not guaranteedto convergeto a globaloptimum. In
fact,theconvergencehighly dependsontheinitial valuesfor
theposes.This meansthattheposesthatminimizeEqn.(3)
arein generalnotgloballyoptimal. It is notevenguaranteed
that they area betterapproximationto theglobal optimum
thanthe initial posesare,becausethe ICP may diverge in
somecases.

Obtaining the Planes
Similar to thecorrespondencesfor the local constraints,we
approximatetheplanesfor theglobalconstraintsfrom a set
of initial posesp1; : : : ; pN. From the resultingsetof edge
featuresE1; : : : ; EN we computea setof planessothattheir
normalvectorsareorthogonalto at leasttwo edges.By do-
ing thiswe obtainfor examplethesurfaceplanesof abuild-
ing. Theseplanesconstrainall views thathave edgesclose
theplanesto bealignedto theplanes.

DependencybetweenConstraints and Poses
Both the approximationof the correspondencesand the
planesis dependenton the initial stateof the robot poses.
This meansthat a good �rst estimateof the posesyields
a good approximationof the local and global constraints.
Conversely, agoodapproximationof theconstraintsreduces
theprobabilityof runninginto localminimaduringthepose
optimizationprocess.In otherwords,wehaveacircularde-
pendency betweenconstraintsandrobot poses.Therefore,
theideais to estimatebothconstraintsandposesiteratively.
Note that suchan approachis appliedin many other itera-
tiveapproximationmethodssuchasExpectationMaximiza-
tion (EM), wherea setof hiddenrandomvariables,thatare
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Figure 1: Detectionof edgels. Theseare de�ned as scan
pointsin a verticalscanline thathavea distancedi from the
view point which is smallerthanthe di� erenceof a neigh-
bor's distanceanda giventhreshold� , i.e.: di < di� 1 � � or
di < di+1 � �

dependenton the parameters,is estimatedandfed backto
theoptimizationof theparameters.In contrastto themaxi-
mumlikelihoodestimationprocessappliedin anEM frame-
work,ouralgorithmis notguaranteedto converge.However,
in our experimentswe foundthatby introducingtheglobal
constraintsthe iterative optimizationgetsmorestablewith
respectto convergence.

FeatureExtraction
As describedabove, our algorithmrelieson the extraction
of 3D edgefeaturesfrom eachpartial view Vi . Theseedge
featuresarethenusedto determineasetof planesrepresent-
ing theglobalconstraints.In thefollowing, we describethe
detailsof thefeatureextractionprocess.

Edgesfrom Views
For a givenview Vn, theedgefeaturesareextractedasfol-
lows:

1. We detecta setof edgepoints(edgels). Thesearede�ned
asscanpointsin averticalscanline for whichonevertical
neighborpoint is far away from theview point compared
to theedgelitself (seeFig. 1).

2. Thenwecalculatethetangentvectorst j for eachedgelej .
Here,t j is de�ned by the�rst principledirectionfor a set
of edgelsin thevicinity of ej .

3. Next, we cluster the edgelstwice. The �rst clustering
is donewith respectto the tangentdirections. We usea
sphericalhistogramto �nd tangentvectorsthatpoint into
similar directions. The obtainedclustersare then clus-
teredwrt. the positionsof the edgelsin space. This is
doneusingaregiongrowing technique.

4. Finally, weconnectall edgelsin oneclusterto a polyline.

Fig. 2 shows anexampleof a setof edgefeaturesextracted
from a real 3d scan. In this �gure, only polylines with a
minimumlengthof 3mareshown.

Planesfrom Edges
Oncethe edgefeatureshave beenextractedfrom the par-
tial views, we searchfor planesthat are orthogonalto at

Figure2: Extractededgefeaturesextractedfrom asingle3d
scanof abuilding.

leasttwo edges,which maynot beparallelandat thesame
time closeto eachother, in theremainderdenotedasequal.
Notethatthisproblemis di� erentfrom clusteringedgesinto
planes,becauseone edgecan lie in several planes. This
meansthat standardclusteringmethods– like EM-based
clustering(Liu et al. 2001)– cannotbeapplied.

In our current systemwe insteaduse a variant of the
RANSAC algorithm(Fischler& Bolles1981). We startby
randomlysamplingan edgepair (e1; e2) from the setof all
pairsof non-equaledges.Here,anedgepair is sampledwith
a probability proportionalto the sumof the lengthof both
edges.This way we obtainwith a higherlikelihoodplanes
thathave a high support.Next, we �nd theplanePm that is
orthogonalto bothedgesof thepair. Herewe have to con-
sidertwo di� erentcases,namelythate1 ande2 areparallel,
but far away from each,or that e1 ande2 arenot parallel.
In the �rst case,an orthogonalvector to e1 and e2 is not
uniquelyde�ned. Therefore,we de�ne Pm in this caseas
the planethat minimizesthe squareddistanceto all edgels
from e1 ande2. In thesecondcase,thenormalvectorof Pm
is de�ned by thecrossproductof themaindirectionsof e1
ande2.

The next stepincludesthe calculationof the supportof
the resultingplanePm. After this we apply a hill climbing
strategy to obtainmoregeneralplanesby �tting anew plane
P0

m into all edgesfrom thesupportof planePm. This is done
by �nding a normalvectorv� sothat

v� = argmin
v

kAvk; kvk = 1 (6)

whereA is a k � 3 matrix consistingof all tangentvectors
correspondingto theedgesfrom thesupportof Pm.

Theminimumin Eqn.(6) is determinedby computingthe
singularvaluedecomposition(SVD) of A. Theoptimalnor-
mal vectorv� is thenobtainedasthelastcolumnof thema-
trix V whereA = UDVT , assumingthesingularvaluesin D
aresortedin descendingorder.

Experimental Results
To evaluateouralgorithmweimplementedit andtestedit on
realdataaswell asin simulationruns. Thegoalof theex-
perimentsreportedhereis to illustratethattheincorporation



Figure3: Simulatedsceneusedto verify theperformanceof
thealgorithm.left: 3D view of thescene;right: 4 generated
partialviewsshown in anexplosionview drawing.

of globalconstraintsincreasestheaccuracy of theresulting
models.

RealWorld Experiment
In orderto analyzetheperformanceof our registrationalgo-
rithm in practice,we testedit with a datasettaken from a
realworld scene.Thedatasetconsistedof 6 di� erentthree-
dimensionalscanstaken from a building that is about70m
long, 20m wide and11m high from the groundto the roof
edge.

Fig. 4 shows the result of the view registration using
global constraints.As canbe seen,5 di� erentplaneswere
detectedby ouralgorithm.Theseplaneswereusedasglobal
constraintsin the network of robot poses. The �gure also
depictsclose-up-viewsof severalpartsof themodel.Shown
are the resultsobtainedwith our approachand with local
constraintsonly. As canbe seenfrom the �gure, theedges
detectedin thepartial views have beenalignedmoreaccu-
rately to the planesusingour approach.Especiallyat the
roof planewecanseethattheviewsareall at thesamelevel.
To quantify the improvementwe measuredthevariance� �
of theabsoluteangulardeviation of theedgesfrom thecor-
respondingplanetangent. For the global-constraintbased
registrationwe obtained� � = 0:75. In contrast,the local
constraintsonly producea valueof � � = 2:56.

Quantitati ve Results
To more systematicallyevaluatethe quality of the models
obtainedwith our algorithmand in comparisonwith other
approacheswe performeda seriesof experimentsusingthe
simulatedsceneshown in Figure3. Theobjectis 3m wide,
5m long and3m high. In theparticularexperimentreported
herewe generated4 di� erentscans.Thesescansareshown
in Figure 3 in an explodedview drawing. For the initial
posesweaddedGaussiannoiseto theposesknown from the
groundtruth. Thenoiseaddedto theangleshada variance
that wasdi� erentfrom the noisevarianceaddedto the po-
sitions. We ran two di� erentkinds of experimentswhere
thenoisevarianceswere(0:0005j0:05)and(0:0008j0:08)re-
spectively. For bothnoiselevelswestartedtheoptimization
with 10di� erentinitial setsof poses.We evaluatedboththe
registrationmethodusingonly local constraintsandtheone
usinglocalandglobalconstraints.

The resultsfor the low variancecasearesummarizedin
Table1. Shown arethe averagedeviationsin angle� � and
position� x from the groundtruth. As canbe seen,the in-

Table1: Comparisonof performancefor di� erentregistra-
tion algorithmswith respectto averageangulardeviation � �
(in radians)andpositionaldeviation � x (in meters)

Method � � � x
local constr. 0:0175 0:1595

global+ local constr. 0:0071 0:1109

corporationof global constraintsimprovesthe registration
process.Especiallythe angulardeviation is smallerwhen
usingglobal constraints.This is becausethe global planar
constraintscorrectsmallererrorsthat arisefrom the local
scanmatcher. Theseerrorsaremainly encounteredin the
rotations.

In the caseof a high noisevariance,the algorithmthat
usesonly local constraintsalwaysdiverged.This is because
the local scanmatchingcould not �nd enoughcorrespon-
dencesandthereforediverged. However, in someof these
casesconvergencecould be achieved by addingthe global
constraints.

In a furtherexperimentwe demonstratetheperformance
of our approachin situationswherefew overlapis givenbe-
tweentheindividualpartialviews. Again,weusedthescene
shown in �g. 3. We ran the registrationprocessusingdif-
ferent numbersof partial views, ranging from 6 down to
2, wherethe overlapdecreasedwith the numberof views.
Fig. 5 plots the rotationaldeviationsfrom thegroundtruth.
As canbeseen,our algorithmperformssigni�cantly better
(� = 0:05) in situationswith fewer overlapbetweenthe in-
dividualviews.
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Figure5: Statisticalanalysisof theregistrationprocesswith
respectto theangularrotationfrom thegroundtruth

Conclusions
Thispaperdescribesanapproachto learnaccuratevolumet-
ric modelsfrom three-dimensionallaserrangescans. The
key ideaof ourapproachis to extractglobalconstraintsfrom
theindividualscansandto utilize theseconstraintsin during
thealignmentprocess.Ouralgorithmhasbeenimplemented
andtestedon realdataandin simulation.Experimentalre-
sults demonstratethat our approachyields more accurate
modelsespeciallyin situationsin which only a few scans
with little overlaparegiven.
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Figure4: Registereddatasetfrom anoutdoorscene.Shown aretherangedataandtheedgesusedto extracttheplanesasglobal
structures.
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