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Abstract— This paper provides a new solution to the simul-
taneous localization and mapping (SLAM) problem with six
degreesof fr eedom.A fast variant of the Iterati ve ClosestPoints
(ICP) algorithm registers3D scanstaken by a mobile robot into
a common coordinate system and thus provides relocalization.
Hereby, data associationis reducedto the problem of searching
for closestpoints. Approximation algorithms for this searching,
namely, approximate kd-tr eesand box decompositiontr ees,are
presentedand evaluated in this paper. A solution to 6D SLAM
that considersall fr eeparameters in the robot poseis built based
on 3D scan matching.

I . INTRODUCTION

Digital 3D modelsof the environmentareneededin rescue
andinspectionrobotics,facility managementandarchitecture.
The problem of automaticenvironment sensingand model-
ing is complex, becausea numberof fundamentalscienti�c
issuesare involved. This paperfocusseson how to createa
consistent3D sceneinto a commoncoordinatesystemfrom
multiplescans.Theproposedalgorithmsallow to digitize large
environmentsfast and reliably without any intervention and
to solve the simultaneouslocalizationand mapping(SLAM)
problem.Finally, robotmotionon naturaloutdoorsurfaceshas
to cope with changesin yaw, pitch and roll angles,turning
poseestimationaswell asscanmatchingor registrationinto a
problemin six mathematicaldimensions.This paperpresents
a new solution to the SLAM problem with six degreesof
freedom(6D SLAM). A fast variant of the iterative closest
points (ICP) algorithmregistersthe 3D scansinto a common
coordinatesystemandrelocalizestherobot.Computationtime
is reducedby two new methods:First, we reducethe3D data,
i.e., we computepoint clouds that approximatethe scanned
3D surfaceand containonly a small fraction of that original
3D point cloud. Second,we presenta fast approximation
of the correspondingpoint for the ICP algorithm. Several
approximationmethodsare evaluated in this paper. These
extensionsof ICP result in a fast and robust algorithm for
generatingoverall consistent3D maps, using global error
minimization.

In previous work we developedthe 6D SLAM algorithm
[20], [27]. This paper's main contribution is to evaluatethe
approximatedataassociationto speedup the algorithm.The
restof the paperis organizedas follows: SectionII discusses
the state of the art in 3D mapping. Then we presentthe
used 3D laser scannerand the mobile robot. Section IV
describesscan matching and pose estimation, followed by
the application of closest point approximationin the data

associationphase.Section VI discussesthe results.Section
VII concludes.

I I . 3D MAPPING – STATE OF THE ART

Insteadof using 3D scanners,which yield consistent3D
scansin the �rst place,somegroupshave attemptedto build
3D volumetric representationsof environmentswith 2D laser
range�nders. Thrunet al. [15], [28], Früh et al. [12] andZhao
etal. [30] usetwo 2D laserrange�nders for acquiring3D data.
Onelaserscanneris mountedhorizontally, theothervertically.
The latter onegrabsa verticalscanline, which is transformed
into 3D points basedon the current robot pose.Since the
verticalscanneris not ableto scansidesof objects,Zhaoet al.
usetwo additional,vertically mounted2D scanners,shiftedby
45� to reduceocclusions[30]. The horizontalscanneris used
to computethe robot pose.The precisionof 3D datapoints
dependson that poseandon the precisionof the scanner.

A few other groups use highly accurate,expensive 3D
laserscanners[23], [1], [13]. The RESOLV project aimedat
modeling interiors for virtual reality and tele-presence[23].
They useda RIEGL laserrange�nder on robotsand the ICP
algorithm for scanmatching[7], [9]. The AVENUE project
developsa robot for modelingurbanenvironments[1], using
a CYRAX laser scannerand a feature-basedscanmatching
approachfor registeringof the3D scansin a commoncoordi-
natesystem[25]. Nevertheless,in their recentwork they donot
usedataof the laserscannerin the robot control architecture
for localization [13]. The researchgroup of M. Hebert has
reconstructedenvironmentsusing the Zoller+Fröhlich laser
scannerand aims at building 3D modelswithout initial po-
sition estimates,i.e., without odometryinformation [16].

Recently, different groupsemploy rotating SICK scanners
for acquiring3D data.Wulf et al. let thescannerrotatearound
the vertical axis. They acquire3D data while moving, thus
the quality of the resulting map cruicially dependson the
poseestimatethat is givenby inertial sensors,i.e., gyros[29].
In addition, their SLAM algorithmsdo not considerall six
degreesof freedom.Nevadoet al. presentnovel algorithmsfor
postprocessing3D scans/scenesandextractingplanarmodels
[18].

Other approachesuse information of CCD-camerasthat
provide a view of the robot's environment [22], [8]. Yet,
camerasare dif�cult to use in natural environments with
changing light conditions. Camera-basedapproachesto 3D
robot vision, e.g., stereocamerasand structurefrom motion,



Fig. 1. Left: The 3D laser range�nder. Its technicalbasisis a SICK 2D
laserrange�nder (LMS-200). Right: The autonomousmobile robot Kurt3D.

have dif�culties providing reliable navigation and mapping
informationfor a mobilerobot in real-time.Thussomegroups
try to solve 3D modelingby using a planarSLAM methods
andcameras,e.g., in [8].

I I I . AUTOMATIC 3D SENSING

A. The3D laser range �nder

The AIS 3D laserrange�nder (Fig. 1) [26] is built on the
basisof a 2D range �nder by extensionwith a mount and
a small servomotor. The 2D laserrange�nder is attachedin
the centerof rotation to the mount for achieving a controlled
pitch motion. A standardservo is connectedon the left side
(Fig. 1) and is controlledby a computerrunning Linux. The
3D laserscanneroperatesup to 5h (Scanner:17 W, 20 NiMH
cells with a capacityof 4500mAh, Servo: 0.85 W, 6 V with
batteriesof 4500mAh) per batterypack.

The area of 180� (h) � 120� (v) is scannedwith different
horizontal (181, 361, 721) and vertical (128, 256, 400, 500)
resolutions.A planewith 181datapointsis scannedin 13 ms
by the 2D laserrange�nder (rotating mirror device). Planes
with more data points, e.g., 361, 721, duplicateor quadru-
plicate this time. Thus a scanwith 181 � 256 data points
needs3.4 seconds.In addition to the distancemeasurement
the3D laserrange�nder is capableof quantifyingtheamount
of light returning to the scanner. Scanningthe environment
with a mobile robot is donein a stop-scan-gofashion.

B. Themobile robot

Kurt3D (Fig. 1) is basedon a mobile robot platform with
a size of 45 cm (length) � 33 cm (width) � 26 cm (hight)
and a weight of 15.6 kg. Equippedwith the 3D laser range
�nder the height increasesto 47 cm and weight increasesto
22.6kg. Kurt3D'smaximumvelocity is 5.2m/s(autonomously
controlled 4.0 m/s). Two 90W motors are used to power
the 6 wheels, whereasthe front and rear wheels have no
treadpatternto enhancerotating. Kurt3D operatesfor about
4 hourswith onebattery(28 NiMH cells,capacity:4500mAh)
charge.The coreof the robot is a Pentium-III-600MHz with
384 MB RAM and real-time Linux. An embedded16-Bit
CMOS microcontrolleris usedto control the motor.1

1Videosof an explorationwith the autonomousmobile robot canbe found
at: http://www.ais.fraunhofer.de/ARC/kurt3D/in dex.ht ml

IV. RANGE IMAGE REGISTRATION AND ROBOT

RELOCALIZATION

Multiple 3D scansarenecessaryto digitalize environments
without occlusions.To createa correctandconsistentmodel,
the scanshave to be merged into one coordinatesystem.
This processis called registration. If robot carrying the 3D
scannerwerepreciselylocalized,theregistrationcouldbedone
directlybasedontherobotpose.However, dueto theunprecise
robot sensors,self localizationis erroneous,so the geometric
structureof overlapping3D scanshas to be consideredfor
registration.

Thefollowing methodfor registrationof point setsis partof
many publications,soonly a shortsummaryis givenhere.The
completealgorithm was inventedin 1992 and can be found,
e.g.,in [7]. Themethodis calledIterativeClosestPoints(ICP)
algorithm.

Given two independentlyacquiredsets of 3D points, M
(model set, jM j = Nm ) and D (dataset, jD j = Nd) which
correspondto a singleshape,we aim to �nd thetransformation
consistingof a rotationR anda translationt which minimizes
the following cost function:

E(R ; t ) =
N mX

i =1

N dX

j =1

wi;j jjm i � (Rd j + t )jj2 : (1)

wi;j is assigned1 if the i -th point of M describesthe same
point in spaceasthe j -th point of D . Otherwisewi;j is 0. Two
things have to be calculated:First, the correspondingpoints,
andsecond,the transformation(R , t ) that minimize E(R ; t )
on the baseof the correspondingpoints.

TheICPalgorithmcalculatesiteratively thepointcorrespon-
dences.In eachiterationstep,thealgorithmselectstheclosest
points as correspondencesand calculatesthe transformation
(R ; t ) for minimizing equation(1). The assumptionis that in
the last iteration step the point correspondencesare correct.
Besl et al. prove that the methodterminatesin a minimum
[7]. However, this theoremdoesnot hold in our case,since
we usea maximumtolerabledistancedmax for associatingthe
scandata.Sucha thresholdis required,giventhatthe3D scans
overlap only partially. Fig. 2 (top) shows three frames,i.e.,
iteration steps,of the ICP algorithm.The bottom part shows
the start poses(x; z; � y ) from which a correct matching is
possible,herewith only threedegreesof freedom.

A. Calculationof the rotation and translation

In every iteration the optimal tranformation(R , t ) has to
be computed.Eq. (1) canbe reducedto

E(R ; t ) /
1
N

NX

i =1

jjm i � (Rd i + t )jj2 ; (2)

with N =
P N m

i =1

P N d
j =1 wi;j , since the correspondencematix

canbe representedby a vectorcontainingthe point pairs.
Four methodsareknown to minimizeeq.(2) [17]. In earlier

work [20], [27] weusedaquaternionbasedmethod[7], but the
following one,basedon singularvaluedecomposition(SVD),
is robustandeasyto implement,thuswe give a brief overview
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Fig. 2. Top row: Left: Initial odometrybasedposeof two 3D scans.Middle: Poseafter � ve ICP iterations.Right: �nal alignment,pairwisematching.Bottom
row: The posesaremarked in (x; z; � y ) from which a correctalignmentof two 3D scansis possible.

of the SVD-basedalgorithms.It was �rst publishedby Arun,
Huang and Blostein [2]. The dif�culty of this minimization
problem is to enforce the orthonormalityof matrix R . The
�rst stepof the computationis to decouplethe calculationof
the rotation R from the translationt using the centroidsof
the pointsbelongingto the matching,i.e.,

cm =
1
N

NX

i =1

m i ; cd =
1
N

NX

i =1

d j (3)

and

M 0 = f m 0
i = m i � cm g1;::: ;N ; (4)

D 0 = f d0
i = d i � cdg1;::: ;N : (5)

After replacing(3), (4) and(5) in theerrorfunction,E(R ; t )
eq. (2) becomes:

E(R ; t ) /
1
N

NX

i =1

jjm 0
i � Rd 0

i � (t � cm + Rc d)
| {z }

= ~t

jj2

=
1
N

NX

i =1

j jm 0
i � Rd 0

i jj
2 (6a)

�
2
N

~t �
NX

i =1

(m 0
i � Rd 0

i ) (6b)

+
1
N

NX

i =1

�
�
�
�~t

�
�
�
�2

: (6c)

In order to minimize the sum above, all terms have to be
minimized.Thesecondsum(6b) is zero,sinceall valuesrefer

to centroid.The third part (6c) hasits minimum for ~t = 0 or

t = cm � Rc d: (7)

Thereforethe algorithm hasto minimize only the �rst term,
and the error function is expressedin terms of the rotation
only:

E (R ; t ) /
NX

i =1

jjm 0
i � Rd 0

i jj
2 : (8)

Theorem: The optimal rotation is calculatedby R = VU T .
HerbythematricesV andU arederivedby thesingularvalue
decompositionH = U�V T of a correlationmatrix H . This
3 � 3 matrix H is given by

H =
NX

i =1

m 0T
i d0

i =

0

@
Sxx Sxy Sxz

Syx Syy Syz

Szx Szy Szz

1

A ; (9)

with Sxx =
P N

i =1 m0
ix d0

ix ; Sxy =
P N

i =1 m0
ix d0

iy ; : : : . The
analogousalgorithmis derived directly from this theorem.

Proof: Since rotation is length preserving,i.e., jjRd 0
i jj

2=
jjd0

i jj
2 the error function (8) is expanded

E(R ; t ) /
NX

i =1

jjm 0
i jj

2 � 2
NX

i =1

m 0
i � Rd 0

i +
NX

i =1

jjd0
i j j

2 :

The rotationaffectsonly the middle term, thus it is suf�cient
to maximize

NX

i =1

m 0
i � Rd 0

i =
NX

i =1

m 0
i
T Rd 0

i : (10)



Using the traceof a matrix, (10) canbe rewritten to obtain

trace

 
NX

i =1

Rd 0
i m

0
i
T

!

= trace(RH ) ;

With H de�ned asin (9). Now we have to �nd the matrix R
that maximizestrace(RH ).

Assumethat the singularvaluedecompositionof H is

H = U�V T ;

with U and V orthonormal3 � 3 matricesand � a 3 � 3
diagonalmatrix without negative elements.Suppose

R = VU T :

R is orthonormaland

RH = VU T U�V T

= V�V T

is a symmetric, positive de�nite matrix. Arun, Huang and
Blosteinprovide a lemmato show that

trace(RH ) � trace(BRH )

for any orthonormalmatrix B . Thereforethematrix R is opti-
mal. Prooving the lemmais straightforwardusingtheCauchy-
Schwarz [2]. Finally, the optimal translationis calculatedas
(cf. eq. (6c) and(7))

t = cm � Rc d:

B. ICP-based6D SLAM

To digitalize environments,multiple 3D scanshave to be
registered.After registration, the scenehas to be globally
consistent.A straightforward methodfor aligning several 3D
scansis pairwise matching, i.e., the new scan is registered
againstthe scanwith the largestoverlappingareas.The latter
one is determinedin a preprocessingstep. Alternatively, in
[9] an incrementalmatching method is introduced,i.e., the
new scan is registeredagainsta so-calledmetascan, which
is the union of the previously acquiredand registeredscans.
Each scan matching is limited in precision. Both methods
accumulatethe registrationerrorssuchthat the registrationof
a large numberof 3D scansleadsto inconsistentscenesand
to problemswith the robot localization.

1) Closing the loop: After matching multiple 3D scans,
errorshaveaccumulatedandaclosedloopwill beinconsistent.
Our algorithm detectsa closing loop by registering the last
acquired3D scanwith earlier acquiredscans,e.g., the �rst
scan. If a registration is possible, the computed error is
distributed over all 3D scans.A secondstep minimizes the
global error with the following algorithm.

2) DiffusingtheError.: Pulli presentsa registrationmethod
thatminimizestheglobalerror andavoids inconsistentscenes
[21]. Theregistrationof onescanis followedby registrationof
all neighboringscans,suchthat theglobalerror is distributed.
Other matching approacheswith global error minimization
have been published, e.g., [5] and [10]. Benjemaaet al.

establishpoint-to-pointcorrespondences�rst andthanuseran-
domizediterative registrationon a setof surfaces[5]. Eggert
et al. computemotion updates,i.e., a transformation(R ; t ),
using force-basedoptimization,with data setsconsideredas
connectedby groupsof springs[10].

Basedon the ideaof Pulli we designeda relaxationmethod
called simultaneousmatching. Thereby, the �rst scan is the
masterscananddeterminesthecoordinatesystem.This scanis
�x ed.Thefollowing threestepsregisterall scansandminimize
the global error, after a queueis initialized with the �rst scan
of the closedloop:

1) The currentscanis the �rst scanof the queue.This 3D
scanis removed from the queue.

2) If the currentscanis not the masterscan,thena setof
neighbors(setof all scansthat overlapwith the current
scan)is calculated.Thissetof neighborsformsonepoint
setM . The currentscanforms the datapoint setD and
is alignedwith the ICP algorithms.One scanoverlaps
with anotherif f morethan250correspondingpoint pairs
exist.

3) If the currentscanchangesits locationby applyingthe
transformation(translationor rotation),theneachsingle
scanof the set of neighborsthat is not in the queueis
addedto the end of the queue.If the queueis empty,
terminate;elsecontinueat (1).

In contrastto Pulli's approach,our methodis totally automatic
and no interactive pairwise alignment has to be done. Fur-
thermorethe point pairs are not �x ed [21]. The accumulated
alignmenterror is spreadover the whole set of acquired3D
scans.This diffusesthe alignmenterror equally over the set
of 3D scans[27].

C. Computingpoint correspondences

The time complexity of the algorithm describedabove is
dominatedby the time for determining the closest points
(brute force searchO(n2) for 3D scansof n points).Several
enhancementshave been proposed[6], [7], [24]. We have
implementedkd-treesasproposedby Simonetal. Fig. 3 shows
two slicestaken from a kd-tree.

1) kd-trees: kD-treesarea generalizationof binary search
trees.Every noderepresentsa partition of a point set to the
two successornodes.The root representsthe whole point
cloud and the leafs are a disjunct partition of the set. These
leafsarecalled buckets (cf. Fig. 4). Furthermore,every node
containsthe limits of the representedpoint set. An ef�cient
implementationof a kd-treeis given in [19].

Searchingin kd-treesis donerecursively. A given3D point
pq needsto becomparedwith theseparatingplanein orderto
decideon whichsidethesearchmustcontinue.This procedure
is executeduntil the leafs are reached.There, the algorithm
hasto evaluateall bucket points. However, the closestpoint
may be in a different bucket, if f the distanceto the limits
is smaller than the one to the closestpoint in the bucket. In
this casebacktrackinghas to be performed.Fig. 4 shows a
backtrackingcase,wherethealgorithmshasto go backto the
root. The test is known as Ball-Within-Boundstest [6], [11],
[14].



(a)

(b)

Fig. 3. A kd-treeof scanned3D data (k = 3) of Fig. 2 (top) �rst/black
3D scan.Two (x; y)-projectionsof slices at depthsz = 100 cm (a) and
z = 550 cm (b) aregiven.
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Fig. 4. Left: Constructionof a kd tree.Right: The optimizedkd-treeuses
splits alongthe longestaxis to ensurecompactvolumes.

2) Theoptimizedkd-tree: The objective of optimizing kd-
treesis to reducethe expectednumberof visited leafs.Three
parametersare adjustable,namely, the direction and placeof
the split axis as well as the numberof points in the buckets.
Splitting the point set at the medianensuresthat every kd-
tree entry hasthe sameprobability [11]. The mediancan be
foundin linear time, thusthetime complexity for constructing
the tree is not affected.Furthermore,the split axis shouldbe
oriented perpendicular to the longest axis to minimize the
amountof backtracking(seeFig. 4). Friedmanandcollegues
prove that a bucket sizeof 1 is optimal [11]. Nevertheless,in
practiceit turnedout thata slightly largerbucket sizeis faster
asgiven in Fig. 5.

3) Point reduction: To gainanadditionalspeedup,we have
proposeda point reduction.During scanningsurfacescloseto
thescanneraresampledwith moredatapoints.Theseareasare
subsampledusinga medianandreduction�lter . Fig. 6 shows
the result,detailsof the algorithmcanbe found in [20].

V. APPROXIMATE DATA ASSOCIATION

A. Approximatekd-trees

Since the ICP algorithm, and therefore our 6D SLAM
method,extensively computesnearestneigbours,approximat-
ing thenearestneigbourswill speedup thealgorithm.S. Arya
andD. Mount introducethe following notion for approximat-
ing the nearestneighbor[3]: Given an " > 0, then the point
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Fig. 5. Computingtime in millsecondsfor a 3D scanmatchingdependend
on the bucket sizeof a kd- andbd-tree.

Fig. 6. Left: Two views of a 3D scene.Right: Subsampledversion(points
have beenlarged).Two differentviews arepresented(bottomview from top).

p 2 D is the (1 + ")-approximatenearestneighbourof the
point pq, if f

jjp � qjj � (1 + ") jjp � � qjj ;

where p � denotesthe true nearestneighbour, i.e., p has a
maximaldistanceof " to thetruenearestneighbour. Usingthis
notationin every stepthe algorithmrecordsthe closestpoint
p. The searchterminatesif the distanceto the unanalyzed
leaves is larger than

jjpq � pjj =(1 + "):

Fig. 7 (left) shows an examplewherethe gray cell needsnot
to be analyzed,sincethe point p satis�es the approximation
criterion.

B. Approximatebox decompositiontrees

Arya et al. [4] have presentedan optimal algorithm for
approximatenearestneighborsearch.They usea balancedbox
decompositiontree (bd-tree)as their primary data structure.
This treecombinestwo importantpropertiesof geometricdata
structures:First, as in the kd-tree case,the set of points is



p

p

q

shrink

shrink

split

(a) (b) (c)

Fig. 7. Left: The (1 + " )-approximatenearestneighbor. The solid circle
denotesthe " environmentof p g . The searchalgorithmneednot analyzethe
gray cell, sincep satis�es the approximationcriterion.Middle andright: (a)
Given point set.(b) decompositioninto buckets.(c) Treelayout.Fig. adapted
from [3], [4].

(a)

(b)

Fig. 8. A bd-treeof scanned3D data (k = 3) of Fig. 2 (top) �rst/black
3D scan.Two (x; y)-projectionsof slices at depthsz = 100 cm (a) and
z = 550 cm aregiven (b).

exponentially reduced.Second,the aspectratio of the tree
edgesareboundedby a constant.Not even the optimizedkd-
tree is able to make this assurance,but quadtreesshow this
characteristic[4]. Theactualbox decompositionsearchtreeis
composedof splits and shrinks.Fig. 7 (c) shows the general
structureandFig. 8 presentstwo sliceswithin this searchtree.

The searchprocedureof bd-treesis similar to the one of
kd-trees.The approximatesearchis discontinued(cf. Fig. 7)
if the distanceto the unanalyzedleaves is larger than

jjpq � pjj =(1 + "):

VI . RESULTS

This section focuseson three aspects.Firstly, we evalu-
ate the quality of scan matching with approximatenearest
neigboursearch.Secondly, we investigatethe performanceof
approximatekd-treesand approximatebd-trees.Finally, we
reproduceresultsfrom arobotrungivenin [27] to demonstrate
the generalperformanceof the approach.

To evaluate the quality of the scan matching we restrict
the problem to three degreesof freedom.We acquiredtwo
3D scansandmeasuredthe poseshift by a referencesystem,
i.e., a meter rule. Fig. 2 (bottom) shows the starting poses
from which a correct scan matching is possible. Fig. 10
indicates the initial positions that result in a correct scan
matching for different values of " and the bucket size b.
Comparingthe �gures, we concludethat the approximation

TABLE I
COMPUTING TIME AND NUMBER OF ICP I TERATIONS TO ALIGN ALL 32

3D SCANS (PENTIUM -IV-2400). IN ADDITION THE COMPUTING TIME FOR

THE SLAM ALGORITHM (CLOSED LOOP DETECTION AND SIMULTANEOUS

MATCHING) IS GIVEN. ABOUT 1 MIN PER 3D SCAN IS NEEDED TO DO

ERROR DIFFUSION IN 6D [27] .

points& searchmethod time iter.
all pts. & brute force 144 h 5 min 2080
all pts. & kD–tree 12 min 23 s 2080
all pts. & Apx-kD–tree 10 min 1 s 2080
red. pts. & Apx-kD–tree 1 min 32 s 2176
6D SLAM with
reducedpts. & Apx-kD–tree 38 min 16000

doesnot signi�cantly in�uence the scanmatching,due to the
large numerof usedpoints and to the iterative natureof the
algorithm.

The performanceof the proposedtree searchis given in
Fig. 5 and9. In caseof no approximation(Fig. 5) the kd-tree
outperformsthe bd-tree.The optimal time is reachedwith 10
points per bucket. In caseof approximation,only in a few
cases,i.e., 18 out of 124experiments,thebd-treeis fasterthan
thekd-tree.Nevertheless,onenoticesthatwith increasing" the
computationtime for the scanmatchingis reduceddrastically
(up to a factorof 2).

The proposedalgorithmshave beenapplied to a data set
acquiredon the FraunhoferCampusBirlinghovencampus.32
3D scans,eachcontaining302820(721 � 420) rangedata
points,weretakenby themobile robotKurt3D. Therobothad
to copewith a heightdifferencebetweenthe two buildings of
1.05 meter, covered, in the �rst case,by a slopeddriveway
in openoutdoor terrain, and, in the secondcase,by a ramp
of 12� inside the building. The 3D model was computed
after acquiring all 3D scans.Table I summarizesthe com-
putationtime of our 6D SLAM algorithms.Referto the web-
site http://www.ais.fraunhofer.de/ARC/3D/ 6D/
for a computedanimation and video through the scanned
3D scene.Furthermore,the algorithmshave beenevaluated
at the RoboCup Rescue2004 competition in Lisbon and
precise,reliable,on time 3D mapshave beengenerated(see
http://www.ais.fhg.de/ARC/kurt3D/r r.htm l ).

VI I . CONCLUSION

This paperhaspresenteda new solutionto thesimultaneous
localizationand mapping(SLAM) problemwith six degrees
of freedom.The methodis basedon the ICP scanmatching
algorithm.Thepaperinvestigatesapproximatedataassociation
using kd-treesand bd-trees.kd-treesempirically outperfom
bd-treeswith andwithout approximation.Approximationdoes
not signi�cantly deterioratethe quality of scanregistration.
From that we know of no other superior approach,scan
matchingbasedon reducedpoint setsand approximatekd-
treesis currentlythemostperformantmethodat handfor scan
matchingin 6D SLAM.
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Fig. 9. Computingtime in millisecondsfor a 3D scanmatchingdependingon the bucket size of approximatekd- and approximatebd-tree.Valuesfor
" = 1; 5; 10; 50 aregiven. In the majority of cases,the approximatekd-treeoutperformsthe approximatebd-tree.
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Fig. 10. Initial posesare marked in (x; z; � y ) from which a correctalignmentof two 3D scansis possible.The scansof Fig. 2 have beenused.(a) and
(b): " = 1 and b = 10. (c) and (d): " = 1 andb = 20. (e) and (f): " = 10 andb = 10. (g) and (h): " = 50 and b = 5. The rows representsecondangle
projectionsof the 3D spaceof matchableposes.


