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Abstract

Recentlytheproblemof learningvolumetricmapsfrom
three-dimensionalangedatahasbecomequite popular
in the context of mobile robotics. Oneof the key chal-
lengesin this contet is to reducethe overall amount
of data. The smallerthe numberof datapoints, how-
ever, the fewer informationis available to registerthe
scansandto computea consistentmap. In this paper
we presenta novel approachthatestimateglobal con-
straintsfrom the dataand utilizes theseconstraintsto
improve theregistrationprocess.In our currentsystem
we simultaneouslyninimizethedistancebetweerscans
andthedistanceof edgedrom planesxtractedfrom the
edgedo obtainhighly accuratehree-dimensionahod-
elsof theervironment. Several experimentscarriedout
in simulationaswell aswith three-dimensionalataob-
tainedwith a mobile robot in an outdoorervironment
we shav thatour approactyields seriouslymoreaccu-
ratemodelscomparedo a standarcapproactthatdoes
not utilize theglobalconstraints.

Intr oduction

Learning mapswith mobile robotsis a high-dimensional
stateestimationproblemwhich requiresa simultaneouso-
lution to the questionof how to updatethe mapgiven sen-
sory input andan estimateof the robot's poseaswell asto
the questionof haw to estimatethe poseof the robot given
the map. Recently techniqueghat computethe mostlik ely
mapbasedn a graphof spatialrelationshave becomequite
popular(Lu & Milios 1997; Gutmann& Konolige 1999;
Frese2004;Konolige 2004). The advantageof suchmeth-
odsis thatthey actuallydonotrequireprede nedlandmarks.
Ratherthey cancopewith arbitraryrepresentationby con-
sideringso-calledconstraintdetweenthe poseswhereob-
senationsof theenvironmentwereperceved.
Theapproactproposedn this paperis basecn thetech-
niquefor consistenposeregistrationby Lu & Milios (1997).
Thekey ideaof thisapproachs to determineconstraintde-
tween positionswhere measurementg/ere obtainedfrom
the odometrybetweensuccessie posesand from match-
ing rangescangdakenatdi erentposes.Theapproachthen
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minimizesan enegy term composedf theindividual con-
straintsbetweerthe poses.

In the past, this approachhas mainly beenapplied for
two-dimensionatepresentationsf the ervironmentandin
mary applicationsscanmatchingbasecdn laserrangescans
hasbeenusedto determinethe necessargonstraints.Ac-
cordingly, the computationatequirementdgor generatinga
constraintfrom two obsenationsis limited. This, however,
changesn the contect of learning volumetric mapsfrom
three-dimensionalangescans.Due to the enormouscom-
plexity of eachscan,which may consistof 500,000prox-
imity valuesperscan,only arestrictednumberof scanscan
be storedandactually usedto extractthe constraints.This
introducestwo problems. First the systemmight become
underconstrainedand second,due to the reducedoverlap
betweerthe scansthe quality of the individual constraints
becomedow.

In this paper we presentan approachto extract global
constraintsfrom 3d rangescansand to utilize thesecon-
straintsduring the optimization process. Our approachis
motivated by the fact that mary man-madeervironments
suchasbuildingsoftencontainfeatureghatcanbeobsened
in mary views andat similar places.For example,the win-
dows belongingto oneandthe samelevel of a building are
typically atthe sameheighton all sidesof the building. Ac-
cordingly;, the windows introduceadditionalconstraintson
rangescansevenif the scanshave only a smallor evenno
overlap.Thekey ideaof theapproactproposedn this paper
is to extractsuchglobal constraintfrom three-dimensional
rangescansandto improve the optimizationprocessbased
ontheseglobalconstraints.

In the remainderof this paperwe describeour approach
andits implementatioronamobilerobot. In practicalexper
imentscarriedout with a complex outdoordatasetweillus-
tratethattheglobalconstraintseriouslyimprovethequality
of theresultingmapsespeciallyin situationdn whichthein-
dividual rangescanshave alimited overlap.

RelatedWork

The problem of simultaneousmapping and localization
has been studied intensvely in the past. The individ-
ual approachesanbe classi ed alongmultiple dimensions
which include importantaspectdike the type of the rep-
resentationof the ernvironment and the questionof how



the posteriorabout the robot's poseand the map is rep-
resented. ExtendedKalman Filter methodsbelongto the
mostpopularapproacheanddi erentVariantsof this tech-
nigue have been proposed(Moutarlier & Chatila 1989;
Leonard& Feder1999; Guivant, Nebot, & Baiker 2000;
Dissanayak etal. 2001;Thrunetal. 2004). Thekey idea
of thesetechniquess to simultaneouslestimatethe poses
of landmarksusingan ExtendedKalmanFilter or a variant
of the Extendedinformation Filter. As mentionedabove,
an alternatve approachis to computethe mostlikely map
basedon a graphof spatialrelations(Lu & Milios 1997;
Gutmann& Konolige 1999; Frese2004; Konolige 2004).
The adwantageof such methodsis that they do not re-
quire prede nedlandmarks.Ratherthey cancopewith ar-
bitrary representationby consideringso-calledconstraints
betweenthe poseswhere obsenationsof the ervironment
wereperceved. However, mostof theseapproachesely on
theassumptiorthattheervironmentcanberepresentedly a
two-dimensionastructure.
Recentlyseveralauthordnvestigatedhe problemof con-
structing3d-modelsof buildings. For example, Stamos&
Leordeanu(2003) construct3d-modelsby combiningmul-
tiple views obtainedwith a 3d rangescanner Frith & 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 systemgeneratesccu-
rate three-dimensionamodels. In a more recentwork by
Thrun et al. (2003) several range scannerswvere usedto
learn modelsof undeground mines. Nichter Surmann,
& Hertzbeg (2003) developeda robot that is able to au-
tonomouslyexplore non-planarernvironmentsandto simul-
taneouslyacquirethe three-dimensionainodel. Compared
to theseapproachesyhich directly comparerangescango
estimatethe poseof the vehicles,the algorithm proposed
in this paperextractsglobalconstraint§rom therangescans
andutilizestheseconstraintsn anoptimizationprocessim-
ilar to thatof Lu & Milios (1997).As aresult,our algorithm
cancopewith fewer scansandevenwith a smalleroverlap
betweertheindividual scans.

Network-based PoseOptimization

ascendan 3D. A view V, is de ned by asetof s(n) pointsin
3D, wheres(n) is de ned asthesizeof view V,. We will de-
notethesepointsasz’;:::; er](n)' Eachview V, is takenfrom

apositionx, 2 R® andan orientation(' n;#n; n). Thetu-
ple (xn;' n;#n; n) is denotedastherobotposep,. Thegoal
now is to nd a setof posesthat minimize an appropriate

Following theapproachdescribedy Lu & Milios (1997),
we formulatethe poseestimationproblemasa systemof er
ror equationghatareto be minimized. We representhe set
of robotposesasa constrainnetwork, whereeachnodecor-
respondgo arobotpose.A link | in the network is de ned
by a setof nodesthat are connectedoy I. It representa

constraintbetweerthe connectechodes.Notethatthisis an
extensionof thelink de nition givenby Lu & Milios (1997)
who only considetlinks betweerpairsof nodes.In thefol-
lowing, we will dealwith two di erentkinds of network
links, namely

links that connectexactly two consecutie robot poses
(so-calledocal links) and

links that connectseveral, not necessarilyconsecutie,
robotposeqdenotedasglobal links).

3D vs. 2D Registration

Lu & Milios (1997) representa local constraintbetween
posesp; andp; asthe di erenceD;;j in position and ori-
entation.Let usassumehatR;; is the rotationmatrix corre-
spondingto thedi erence(’ ; 'i;#; #; i) in the
Euleranglesof p; andp;. ThetermD;; is consideredaran-
domvariablewith meanD;; andcovarianceC;;. Assuming
that an estimateof Dj; is given by local scanmatchingin
termsof arotationR;j anda translationt;;, we canexpress
eachscanpoint zih from view V; in thelocal coordinatesys-
temof posep; as

7, = R'Rj(Rz, +xi) + tij  X)); 1)
whereR; is therotationde nedby (' j;#;; ;) andR theone
de nedby (' i;#; ).

In orderto understandhe additionalproblemsntroduced
by moving from 2dto 3d, letusconsidetheposedi erences
Dij in the situationin which x; = 0 andx; = 0. If thescan
matchingis perfect,we obtaint;; = 0. Underthe assump-
tion thatthe commonpointsin both scanscanbe matched
perfectly thisresultsin

z) = R'RjRz; )
Here we can seea major di erencebetweenthe 2D case
andthe 3D case. For rotationsin 2D it is guaranteedhat
Rj = Rj. This canbe seenby settingtwo of the Euleran-
glesto 0. In 3D however, thisis nottruein generalIn prac-
tical experimentsve foundout thatin 3d theapproximation
of R;; by Rij obtainedfrom scanmatchingintroducesa lin-
earizationerrorthatoften preventsthe optimizationprocess
from corverging.

De nition of Local Constraints

To copewith this problem,we considera quadraticerror
function andin this way avoid linearizationerrors. More

speci cally, we computethe sumof squarecerrorshetween
correspondingointsfrom bothviewsV; andV;. Thismeans
that the error de ned betweenposesp; andp; canbe ex-

presseds

x _ ,
I(pispy) = KRZg, () + X% (Rizg )+ Xk (3)
=1

spondencebetweerpointsfrom theviews V; andV;.

Sincethis error functionis non-linearin the poseparam-
etersp; andp; we cannotusethe closed-formsolutiongen-
erally usedin the context of two dimensions.



De nition of Global Constraints

In generalaglobalconstraintbetweerdi erentrobotposes
canbede nedin mary possibleways. For example,if aset

eachof thesdandmarksconstitutes globalconstrainbnall

robotposedromwhichapartialview ontothelandmarkwas
taken. The evaluationfunction ; that corresponddo the
globalconstrainig; is thende ned by thesquareduclidean
distancebetweertheview V; andthelandmark ;.

In this paperwe will notassumehe existenceof known
landmarks We ratherde ne theglobalconstraintdasedn
theobject(s)seenfrom thedi erentviews. This stemsfrom
the obsenationthatmary 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, the edge
betweenwalls andthe roof etc.) are on the sameabsolute
heightin both views. In general,mary di erenttypesof
featuresarepossiblewherehigh-level featuressuchaswin-
dows, doorsetc.constrairthealgorithmto beapplicablefor
speci ¢ objectslike buildings. We thereforerely on low-
level featuresjn particular3D edges.

Beforewe discusshow to extractedgedrom rangescans,
wewill rst describenow we actuallyusethe edgedo gen-
erateglobal constraints Assumewe aregivena setof edge

globalconstrainasa planeP thathasasu cientsupportby
edgedetectedn di erentviews. Herethe supportsupP)
of aplaneP is de ned by all edgese thatlie entirelyinsidea
givencorridoraroundthe P. Giventhe supportwe calculate
theerrorimposedoy aglobalconstraing betweerthe poses

X
d(R.e+t;P) (4)
k=1 e2E; \ supdP)

Here,d de nesthesquaredlistanceof therotatedandtrans-
lated edgee to the plane P. In our implementation this
equalsthe sumof squarecEuclideandistancedetweerthe
transformedrerticesof e andP.

Poseestimation

As statedabove,we formulatetheposeestimatiorasa mini-
mizationproblemfor agivensetof errorequationsSuppose
thenetwork consistf L localandG globalconstraintsThe

X
f(pyiiipn) o= CIOH 0
i=1
gi(p HOIERREY K(i)(i)) 1 ) (5)
i=1
Here, isintroducedasa factorthatweighsbetweenocal

andglobalconstraintsTo solve this non-linearoptimization
problemwe f by usingtheFletcherReeresgradientdescent
algorithm.

It shouldbe notedthat the global minimum for the er-
ror function f is notunique. This is becausédothlocal and
global constraintsareonly de ned with respecto the rela-
tive displacementbetweenthe robot posesandthe global
minimumof f is invariantwith respecto a netransforms
of the poses.In practice this problemcanbesolvedby x-
ing oneof therobotposesatits initial value. Thenthe other
posesareoptimizedrelative to this x edpose.

Approximating Correspondencesind Planes

Whenformulatingtheerrorfunctionsin Eqns.(3) and(4) we
assumedsomeprior knowledgeaboutthe local and global
constraints. In the caseof the local constraints,we as-
sumedthat the correctcorrespondencesetweenpointsin
two di erentviews are given. For the global constraints
we assumedhat the optimal coordinatedor the planesare
given. However, in practiceboth assumptionslo not hold.
Thereforewe approximatdoththecorrespondencemdthe
planedfor theglobalconstraints.

Obtaining the Correspondences

For a givensetof initial robotposesp; andp; we calculate
thecorrespondences pointshetweerconsecutre views V;
andV; by applyinga variantof the Iteratve ClosestPoint
scanmatchingalgorithm(ICP) describedn (Besl& McKay
1992). After corvergenceof the ICP, we obtainthe corre-
spondencedirectly from the lastICP iteration. In general,
ICP is not guaranteedo convergeto a global optimum. In
fact,theconvergencehighly depend®ntheinitial valuesfor
theposes.This meanghatthe poseghatminimize Eqn.(3)
arein generahotglobally optimal. It is notevenguaranteed
thatthey area betterapproximationto the global optimum
thanthe initial posesare, becausdhe ICP may divergein
somecases.

Obtaining the Planes

Similar to the correspondencdsr the local constraintsyve
approximatehe planesfor the global constraintdrom a set

normalvectorsareorthogonato at leasttwo edges.By do-
ing this we obtainfor examplethe surfaceplanesof a build-
ing. Theseplanesconstrainall views thathave edgesclose
theplanego bealignedto the planes.

DependencybetweenConstraints and Poses

Both the approximationof the correspondenceand the
planesis dependenbn the initial stateof the robot poses.
This meansthat a good rst estimateof the posesyields
a good approximationof the local and global constraints.
Corverselyagoodapproximatiorof theconstraintseduces
theprobability of runninginto local minimaduringthe pose
optimizationprocessln otherwords,we have acircularde-
pendeng betweenconstraintsandrobot poses. Therefore,
theideais to estimateboth constraintaandposesteratively.
Note that suchan approachs appliedin mary otheritera-
tive approximatiormethodssuchasExpectatiorMaximiza-
tion (EM), wherea setof hiddenrandomvariablesthatare



Edgels

Figure 1: Detectionof edgels. Theseare de ned as scan
pointsin a verticalscanline thathave adistanced; from the
view point which is smallerthanthe di erenceof a neigh-
bor's distanceanda giventhreshold , i.e.: d; < d; 1 or
di < dis1

dependenbn the parametersis estimatedandfed backto
the optimizationof the parametersin contrastio the maxi-
mumlik elihoodestimatiorprocessappliedin anEM frame-
work, ouralgorithmis notguaranteetb corverge. However,
in our experimentawve found that by introducingthe global
constraintghe iterative optimizationgetsmore stablewith
respecto corvergence.

Feature Extraction

As describedabove, our algorithmrelies on the extraction

of 3D edgefeaturesfrom eachpartial view V;. Theseedge
featuresarethenusedto determinea setof planesrepresent-
ing the global constraintsin the following, we describethe

detailsof the featureextractionprocess.

Edgesfrom Views

For a givenview V,, the edgefeaturesare extractedasfol-
lows:

1. We detecta setof edgepoints(edgels). Thesearede ned
asscanpointsin averticalscanline for which onevertical
neighborpointis far away from the view point compared
to theedgelitself (seeFig. 1).

2. Thenwe calculatethetangentvectorst; for eachedgele;.
Here,t; is de ned by the rst principledirectionfor aset
of edgelsin thevicinity of e;.

3. Next, we clusterthe edgelstwice. The rst clustering
is donewith respecto the tangentdirections. We usea
sphericahistogramto nd tangentvectorsthatpointinto
similar directions. The obtainedclustersare then clus-
teredwrt. the positionsof the edgelsin space. This is
doneusingaregion growing technique.

4. Finally, we connectall edgelsn oneclusterto a polyline.

Fig. 2 shavs an exampleof a setof edgefeaturesextracted
from a real 3d scan. In this gure, only polylineswith a
minimumlengthof 3mareshawn.

Planesfrom Edges

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

Figure2: Extractededgefeaturesxtractedfrom asingle3d
scanof abuilding.

leasttwo edgeswhich may not be parallelandat the same
time closeto eachother, in theremainderdenotedasequal.
Notethatthis problemis di erentfrom clusteringedgesnto

planes,becauseone edgecan lie in several planes. This

meansthat standardclustering methods— like EM-based
clustering(Liu etal. 2001)- cannotbe applied.

In our current systemwe insteaduse a variant of the
RANSAC algorithm(Fischler& Bolles 1981). We startby
randomlysamplingan edgepair (e1; €2) from the setof all
pairsof non-equakdgesHere,anedgepairis sampledvith
a probability proportionalto the sum of the length of both
edges.This way we obtainwith a higherlikelihoodplanes
thathave a high support.Next, we nd theplanePy, thatis
orthogonalto both edgesof the pair. Herewe have to con-
sidertwo di erentcasespamelythate; ande, areparallel,
but far away from each,or thate; ande, arenot parallel.
In the rst case,an orthogonalvectorto e; ande; is not
uniquelyde ned. Therefore,we de ne Py, in this caseas
the planethat minimizesthe squareddistanceto all edgels
from e; ande,. In the secondcase the normalvectorof Py,
is de ned by the crossproductof the main directionsof e;
ande,.

The next stepincludesthe calculationof the supportof
theresultingplanePn,. After this we apply a hill climbing
strat@y to obtainmoregeneraplanesy tting anew plane
PY into all edgesrom the supportof planeP,,,. Thisis done
by nding anormalvectorv sothat

vV = argmvinkAvk; kvk=1 (6)

whereAis ak 3 matrix consistingof all tangentvectors
correspondingo theedgedrom the supportof Pp,.

Theminimumin Eqn.(6) is determinedy computingthe
singularvaluedecompositioffSVD) of A. The optimalnor-
malvectorv is thenobtainedasthelastcolumnof the ma-
trix V whereA = UDVT, assuminghesingularvaluesin D
aresortedin descendingrder

Experimental Results

To evaluateouralgorithmwe implementedt andtestedt on
realdataaswell asin simulationruns. The goal of the ex-
perimentgeportechereis to illustratethattheincorporation



Figure3: Simulatedsceneusedto verify the performancef
thealgorithm.left: 3D view of the sceneright: 4 generated
partialviews shovn in anexplosionview drawing.

of global constraintsncreaseshe accurag of theresulting
models.

Real World Experiment

In orderto analyzethe performancef our registrationalgo-
rithm in practice,we testedit with a datasettaken from a
realworld scene Thedatasetconsistecf 6 di erentthree-
dimensionalscanstaken from a building thatis about70m
long, 20m wide and 11m high from the groundto the roof
edge.

Fig. 4 shaws the result of the view registration using
global constraints.As canbe seen,5 di erentplaneswere
detectedy ouralgorithm. Theseplanesvereusedasglobal
constraintsn the network of robot poses. The gure also
depictsclose-up-vievs of several partsof themodel. Shavn
are the resultsobtainedwith our approachand with local
constraintonly. As canbe seenfrom the gure, the edges
detectedn the partial views have beenalignedmore accu-
rately to the planesusing our approach. Especiallyat the
roof planewe canseethattheviews areall atthe samdevel.
To quantify theimprovementwe measuredhe variance
of the absoluteangulardeviation of the edgesrom the cor-
respondingplanetangent. For the global-constrainbased
registrationwe obtained = 0:75. In contrast,the local
constraintonly produceavalueof = 2:56.

Quantitative Results

To more systematicallyevaluatethe quality of the models
obtainedwith our algorithmandin comparisorwith other
approachesve performeda seriesof experimentsusingthe
simulatedsceneshavn in Figure 3. The objectis 3mwide,
5m long and3m high. In the particularexperimentreported
herewe generated di erentscans.Thesescansareshovn
in Figure 3 in an explodedview drawing. For the initial
posesve addedGaussiamoiseto the poseknown from the
groundtruth. The noiseaddedto the angleshada variance
thatwasdi erentfrom the noisevarianceaddedto the po-
sitions. We rantwo di erentkinds of experimentswhere
thenoisevariancesvere(0:00050:05)and(0:00040:08)re-
spectvely. For bothnoiselevelswe startedthe optimization
with 10di erentinitial setsof posesWe evaluatedboththe
registrationmethodusingonly local constraintsandthe one
usinglocal andglobal constraints.

Theresultsfor the low variancecaseare summarizedn
Table1l. Shavn arethe averagedeviationsin angle and
position 4 from the groundtruth. As canbe seen,thein-

Table1: Comparisorof performancdor di erentregistra-
tion algorithmswith respecto averageangulardeviation
(in radians)andpositionaldeviation  (in meters)
Method
local constr
global+ local constr

X
0:0175 0:1595
0:0071 0:1109

corporationof global constraintamprovesthe registration
process. Especiallythe angulardeviation is smallerwhen
usingglobal constraints.This is becausehe global planar
constraintscorrectsmallererrorsthat arise from the local
scanmatcher Theseerrorsare mainly encounteredn 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 further experimentwe demonstratehe performance
of our approachn situationswherefew overlapis givenbe-
tweentheindividual partialviews. Again,we usedthescene
shavn in g. 3. We rantheregistrationprocesausingdif-
ferent numbersof partial views, rangingfrom 6 down to
2, wherethe overlap decreaseavith the numberof views.
Fig. 5 plotsthe rotationaldeviationsfrom the groundtruth.
As canbe seen,our algorithmperformssigni cantly better
(= 0:05)in situationswith fewer overlapbetweerthein-
dividual views.
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Figureb: Statisticalanalysisof theregistrationprocesswith
respecto theangularrotationfrom thegroundtruth

Conclusions

This paperdescribesanapproacho learnaccuratesolumet-
ric modelsfrom three-dimensiondlaserrangescans. The
key ideaof ourapproachs to extractglobalconstraintgrom
theindividual scansandto utilize theseconstraintsn during
thealignmentprocessOuralgorithmhasbeenmplemented
andtestedon realdataandin simulation. Experimentare-
sults demonstrateéhat our approachyields more accurate
modelsespeciallyin situationsin which only a few scans
with little overlaparegiven.



LocalandGlobal Constraints

ocal Constraints

Figure4: Registereddatasetfrom anoutdoorscene Shavn aretherangedataandthe edgeausedto extractthe planesasglobal

structures.
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