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Abstract— Deploying rescueworkers in an urban setting is
often a perilous, time-, power-, and force-consumingjob, and
systemsto assistin this effort are needed.A fundamental task
for rescueis to localize injur ed persons.To this end, robotic
systemsare usedfor mapping a site and for remoteinspection
of suspicious objects. The mobile robot Kurt3D is the �rst
rescuerobot that is capableof mapping its envir onment in 3D
and self localize in all six degreesof fr eedom,i.e., considering
its x, y and z positions and the roll, yaw and pitch angles.

I . INTRODUCTION

For protectinghumans,it is nowadaysimportantto build
robotsthatareableto operatein earthquake, �re, explosive
and chemical disaster areas.The community of Urban
SearchandRescueRobotics(USAR)growsvery fast.Many
robots are manufactured, both from researchinstitutes
and from industry. However, until now, there have been
no systemsthat can reliably map their environment.The
mobile robot Kurt3D was presentedat RoboCupRescue
2004 in Lisbon (Fig. 1). The robot is capableof mapping
its environment in 3D and self localize in six degreesof
freedom,i.e., consideringits x, y and z positionsand the
roll, yaw andpitch angles(6D SLAM).

Kurt3D's mappingsystemconsistsof threemajor parts.
First is the preciseplanarposetrackingalgorithmHAYAI.
Using 2D laser scans,featuresthat correspondto natural
landmarksare extractedandpairedwith featuresof previ-
ous scans.Second,a fast and reliable 3D scanmatching
procedure,employing a sophisticatedpoint reductionand
approximatenearestneighborsearch,is usedto generate
3D mapsandrelocalizetherobot.Thebasisof the3D scan
matchingis thewell know iterative closestpoints(ICP) al-
gorithm.Thethird moduleis aninteractive,semi-automatic
control programthat enablesthe operatorto interferewith
the mappingprocessfor corrections.This paperfocusses
on Kurt3D's mappingand localization modulesand their
interactionin the rescuecontext, devising the similarities
betweenHAYAI and6D SLAM.

A. Stateof the Art

1) RescueRoboticsSystems:Currentrescuerobotsare
mainlydesignedfor searchingfor victimsandpathsthrough
rubble that would be quicker to excavate, for structural
inspectionandfor detectionof hazardousmaterial[7]. The
robotsaredesignedto goabit deeperthantraditionalsearch
equipment,i.e, camerasmountedon poles[7]. The actual

Fig. 1. ThemobilerobotKurt3D equippedwith the3D laserrange�nder
as presentedat RoboCup2004. The scannerstechnicalbasisis a SICK
2D laserrange�nder (LMS-200).

operatingrangeof currentrescuerobotsis 5� 20 m. The
robots, e.g., the microtracs“micro-VGTV” and “Solem”
[8], aresmall tanksthatareconnectedwith theoperatorby
wire for transmittinga video signal. In fact, camerasare
theonly sensors,thusmappingtheenvironmentis basically
impossible.Other rescuerobot systemsarebasedon tank-
like chassis,too. While mappingenvironmentsis a large
research�eld in mobilerobotics,only a little work hasbeen
donein the automaticmappingof rescueenvironments,as
presentedin [4].

2) 3D Mapping: Insteadof using 3D scannerswhich
yield consistent3D scansin the �rst place,somegroups
have attemptedto build 3D volumetric representationsof
environmentswith 2D laser range�nders. E.g., Thrun et
al. [13] use two 2D laser range�nders for acquiring 3D
data.One laserscanneris mountedhorizontally, the other
vertically. The latter one grabsa vertical scanline which
is transformedinto 3D points basedon the current robot
pose.The horizontalscanneris usedto computethe robot
pose.The precisionof 3D datapointscrucially dependson
that poseand on the precisionof the scanner. The same
argumentappliesto the work of Wulf et al. who let the
scannerrotatearoundthe vertical axis [14].

A few other groups use high accurate,expensive 3D
laser scanners[5], [10]. The RESOLV project aimed at
modelinginteriorsfor virtual reality andtele-presence[10].
They useda RIEGL laser range�nder on robotsand the
ICP algorithmfor scanmatching[3]. TheAVENUE project
develops a robot for modeling urban environments [5],



usinga CYRAX laserscanner. Nevertheless,in their recent
work they do not usedataof the laserscannerin the robot
controlarchitecturefor localization[5]. Theresearchgroup
of M. Hebert has reconstructedenvironmentsusing the
Zoller+Fröhlich laserscannerandaimsto build 3D models
without initial position estimates,i.e., without odometry
information [6].

I I . THE EXPLORATION ROBOT KURT3D

Kurt3D1 (Fig. 1) is a mobile robot platform with a size
of 45 cm (length) � 33 cm (width) � 26 cm (height)
and a weight of 15.6 kg, both indoor as well as outdoor
models exist. Equippedwith the 3D laser range �nder,
the height increasesto 47 cm and the weight increases
to 22.6 kg. Two 90 W motors (short-term 200 W) are
used to power the 6 wheels. Comparedto the original
Kurt3D robot platform, the outdoor version has larger
wheels,wherethe middle onesareshiftedoutwards.Front
and rearwheelshave no treadpatternto enhancerotating.
Kurt3D operatesfor about4 hourswith onebatterycharge
(28 NiMH cells, capacity: 4500 mAh) charge. The core
of the robot is an Intel-Centrino-1400MHz with 768 MB
RAM and a Linux operatingsystem.An embedded16-
Bit CMOSmicrocontrolleris usedto processcommandsto
the motor. A CAN interfaceconnectsthe laptop with the
microcontroller.

The3D laserrange�nder (Fig. 1) is built onbasisof a2D
range�nder by extensionof a mountanda standardservo
motor [11]. The 2D laser range�nder is attachedto the
mount in the centerof rotation for achieving a controlled
pitch motion.The servo is connectedon the left side(Fig.
1). The 3D laserscanneroperatesfor up to 5h (Scanner:
17 W, 20 NiMH cellswith a capacityof 4500mAh, Servo:
0.85W, 4.5 V with batteriesof 4500mAh) on onebattery
pack.The areaof 180� (h)� 90� (max. 120� )(v) is scanned
with differenthorizontal(181,361,721) andvertical (128,
176, 256, 400, 500) resolutions.A plane with 181 data
points is scannedin 13 ms by the 2D laser range�nder
(rotatingmirror device). Planeswith moredatapoints,e.g.,
361,721,duplicateor quadruplicatethis time. Thusa scan
with 361 � 176 datapointsneeds4.5 seconds.In addition
to the distancemeasurementthe 3D laser range�nder is
capableof quantifyingthe amountof light returningto the
scanner, resultingin a black/whitere�ectanceimageof the
scene.Scanningthe environment with a mobile robot is
donein a stop-scan-gofashion.

Kurt3Dis equippedwith 2� 4 superbrightLEDsandtwo
�uorescenttubesto illuminate thesurroundings.TheLEDs
are attachedto the two pan-and-tilt Logitech QuickCam
4000cameras.Additional 8 NiMH cells areusedto power
the light.

I I I . POSE TRACKING WITH HAYAI

This section describesthe newly developed algorithm
HAYAI (Highspeed And Yet Accurate Indoor/outdoor-

1Videosof explorationswith Kurt3D canbe found at:
http://www.ais.fraunhofer.de/ARC/kurt3D/index.html

tracking). Thematchingalgorithmis basedon thefollowing
scheme:

1) Detectfeatureswithin scanR , yielding featuresetM
(modelset). Likewise computesetD (data set) from
a previous scanS.

2) Searchfor pairwisecorrespondingfeaturesfrom both
sets,resultingin two subsets �M � M and �D � D.

3) Compute the pose shift Dp = (Dx;Dy;Dq)T as the
optimal transformationfor mapping �D onto �M.

4) Update the robot's pose pn � !
Dp

pn+ 1 accor-
ding to formula (1).

5) Save the currentscanasnew referencescanR  S.
Givena posepn = (xn;yn;qn) anda transformationDp =

(Dx;Dy;Dq), the transition pn � !
Dp

pn+ 1 is
calculatedas follows:
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A. Data Filtering
Scanningis noisy and small errors may occur, namely

Gaussiannoise and salt and peppernoise.The latter one
arisesfor example at edgeswhere the laser beamof the
scannerhits two surfaces,resultingin a meananderroneous
datavalue.Furthermorere�ections, e.g.,at glasssurfaces,
lead to suspiciousdata. We propose two fast �ltering
methodsto modify the datain orderto enhancethequality
of each scan, typically containing 181 data points. The
datareduction,usedfor reducingGaussiannoise,works as
follows: The scanneremits the laserbeamsin a spherical
way, suchthat the datapointscloseto the sourcearemore
dense.Multiple datapointslocatedclosetogetherarejoined
into one point. The number of these so-called reduced
points is oneorderof magnitudesmallerthan the original
one.For eliminatingsalt andpeppernoise,a median�lter
removes the outliers by replacing a data point with the
medianvalue of the n surroundingpoints (here: n = 7).
Theneighborpointsaredeterminedaccordingto their index
within the scan,since the laserscannerprovides the data
sortedin acounter-clockwisedirection.Themedianvalueis
calculatedwith regardto theEuclidiandistanceof the data
pointsto the point of origin. In orderto remove noisy data
but leave theremainingscanpointsuntouched,the �ltering
algorithm replacesa data point with the corresponding
medianvalueif andonly if theEuclidiandistancebetween
both is larger thana �x ed threshold(e.g.,200 cm).
B. Extraction and Matching of Features

As describedabove, the scanmatchingalgorithm com-
putes a transformationDp such that a set of features,
extracted from the �rst scan, is mappedoptimally to a
featureset of the secondscan.In order to be usablefor
a posetrackingalgorithm,thesefeatureshave to ful�ll two
requirements:First, they haveto beinvariantwith respectto
rotationandtranslation.Second,they have to be ef�ciently
computablein order to satisfy real time constraints.

Using the inherent order of the scan data allows the
applicationof linear �lters for a fast and reliable feature
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Fig. 2. From left to right: (1) Application of the featuredetection�lters. (2) and (3) Pairing of correspondingfeatures.(j ; r) representation(2) vs.
the euclidianone(3). (4) Transformedscan.

detection.HAYAI choosesextremain the polar representa-
tion of a scanasnaturallandmarks.Theseextremacorrelate
to cornersandjump edgesin Cartesianspace.Theusageof
polar coordinatesimplicatesa reductionby onedimension,
sinceall operationsdeployed for featureextractionarefast
linear �lters, operatingon the sequenceof range values
(r i ) i2N of a scanS =

�
(j i ; r i )

�
i= 1;:::;N.

Givena onedimensional�lter Y =
�
y � 1; y 0; y + 1

�
, the

�ltered valuerY
i of a scanpoint r i (i = 2; : : : ;N� 1) is de�ned

asrY
i = å 1

k= � 1y kr i+ k. For featuredetection,thescansignal
is �ltered as follows:

1) Sharpenthedatain orderto emphasizethesigni�cant
partsof thescan,i.e., theextrema,without modifying
the residualscan,by applyinga sharpen�lter of the
form Y 1 =

�
� 1; 4; � 1

�
.

2) Computeof the derivationsignalby usinga gradient
�lter Y 2 =

�
� 1

2; 0; 1
2

�
.

3) Smooththe gradientsignal to simplify the detection
of zerocrossingswith a soften�lter Y 3 =

�
1; 1; 1

�
.

Fig. 2 (left) illustratesthe effectsof the used�lters.
After generatingthe sets of featuresM;D from both

scans,a matchingbetweenboth setshasto be calculated.
Insteadof solvingthehardoptimizationproblemof search-
ing for an optimal match, we use a heuristic approach,
utilizing inherentknowledgeabouttheproblemof matching
features,e.g., the fact that the features' topology cannot
changefundamentallyfrom onescanto the following. The
basicaim is to build a matrix of possiblematchingpairs,
basedon an error function de�ning the distancebetween
two points mi ;d j , with mi = (mx

i ;m
y
i )

T in Cartesian,or
(mj

i ;mr
i )

T in polar coordinates,resp.(d j analogously):

dist
�
mi ;d j

�
=

q �
w1 � (mj

i � dj
j )

� 2 + w2(mr
i � dr

j )
2

+ w3 �
q

(mx
i � dx

j )
2 + (my

i � dy
j )

2

+ Q
�
mi ;d j

�
(2)

with constants(wk)k2f 1;2;3g, implementing a weighting
betweenthe polar andCartesiandistances.The function Q
inhibits matchingsbetweentwo featuresof differenttypes:

Q
�
mi ;d j

�
=

(
0 G(mi) = G(d j )
¥ else

with a classi�cation function G: (M [ D) 7! f max.;
min.; in�ection pointg. The resultingmatrix wi; j denotingfea-
ture correspondencesis simpli�ed until the matchis non-
ambiguous.Fig. 2 shows the matchof two scans.

C. PoseCalculation

Given two sets of features �M = f mi j mi 2 R2; i =
1; : : : ;Nmg and �D =

�
di

�
� di 2 R2; i = 1; : : : ;Nd

	
, the cal-

culationof the optimal transformationfor mappingD onto
M is an optimizationproblemof the error function:

E(R;t) =
Nm

å
i= 1

Nd

å
j= 1

wi; j
�
�
�
�mi � (Rd j + t)

�
�
�
�2 (3)

µ
1
N

N

å
i= 1

jjmi � (Rdi + t)jj2 ; (4)

sincethe matchingis non-ambiguous.The �rst stepof the
computationis to decouplethe calculationof the rotation
R from the translationt using the centroidsof the points
belongingto the matching.

cm =
1
N

N

å
i= 1

mi ; cd =
1
N

N

å
i= 1

di (5)

and M0= f m0
i = mi � cmg1;:::;N; (6)

D0= f d0
i = di � cdg1;:::;N: (7)

After replacing(5), (6) and (7) in the error function (4),
E(R;t) becomes:

E(R;t) µ
1
N

N

å
i= 1
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i � Rd0

i � (t � cm+ Rcd)
| {z }
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N
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�
�
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i
�
�
�
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1
N

N

å
i= 1

jjt̃ jj2 (8a)

�
2
N

t̃ �
N

å
i= 1

�
m0

i � Rd0
i
�

(8b)

In order to minimize the sum above, all termshave to be
minimized.Thethird sum(8b) is zero,sinceall valuesrefer
to centroid.Thesecondpart (8a)hasits minimumfor t̃ = 0
or t = cm � Rcd. Thereforethe algorithm hasto minimize
only the �rst term,andthecorrespondingerror function is:

E(R) µ
N

å
i= 1

�
�
�
�m0

i � Rd0
i
�
�
�
�2 : (9)

By solving the equation ¶
¶DqE(RDq) = 0 for a 2D rotation

RDq = R, the optimal rotation is calculatedas

Dq= arctan

0
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With givenrotation,thetranslationis calculatedasfollows:



�
Dx
Dy

�

| {z }
= Dt

= cm �
�

cosDq sinDq
� sinDq cosDq

�

| {z }
= RDq

�cd: (11)

IV. 3D MAPPING AND 6D ROBOT RELOCALIZATION

Multiple 3D scansare necessaryto digitalize environ-
mentswithoutocclusions.To createa correctandconsistent
model,thescanshaveto bemergedinto onecoordinatesys-
tem. This processis called registration.If the localization
of the robot with the scannerwereprecise,the registration
could be donedirectly basedon the robot pose.However,
relative self localizationis erroneous,even with HAYAI, so
the geometricstructureof overlapping3D scanshasto be
consideredfor registration.

A. 6D Registration of 3D Scans

Thefollowing methodfor registrationof point setsis part
of many publications,so only a brief summaryis given
here. The completealgorithm was inventedin 1992 and
can be found, e.g., in [3]. The methodis called Iterative
ClosestPoints (ICP) algorithm. The procedureconsiders
all six degreesof freedom, i.e., the roll, yaw and pitch
orientationand the x, y, andz positionof the robot

Given two independentlyacquiredsetsof 3D points,M
(jMj = Nm) andD (jDj = Nd), which correspondto a single
shape,we aim to �nd the transformationconsistingof a
rotation R and a translationt which minimizes the cost
function (3). Note: This time the vectorsare in 3D space
andR hasto be an orthonormal3� 3 matrix. Now, wi; j is
assigned1 if thei-th point of M describesthesamepoint in
spaceasthe j-th point of D. Otherwisewi; j is 0. Two things
have to be calculated:First, the correspondingpoints,and
second,the transformation(R, t) that minimize E(R;t) on
the baseof the correspondingpoints.

The ICP algorithm calculatesiteratively the point cor-
respondences.In eachiteration step,the algorithm selects
the closestpoints as correspondencesand calculatesthe
transformation(R;t) for minimizing equation(3). The as-
sumption is that in the last iteration step the point cor-
respondencesare correct. In every iteration the optimal
transformation(R, t) has to be computed.Like before,
eq. (3) can be reducedto eq. (4). The dif�culty of the
minimization problemis to enforcethe orthonormalityof
matrix R. The following method,�rst publishedby Arun
et al, is basedon singularvaluedecomposition(SVD) [1].
It is robust and easyto implement,thus we give a brief
overview here:

The conversion of (3) to (4) holds in 3D space,too.
The algorithmcomputesthe optimal rotationby R= VUT .
Herebythe matricesV andU are derived by the singular
valuedecompositionH = ULVT of a correlationmatrix H.
This (3� 3) matrix H is given by

H =
N

å
i= 1

m0T
i d0

i =

0

@
Sxx Sxy Sxz
Syx Syy Syz
Szx Szy Szz

1

A ; (12)

with Sxx = å N
i= 1 m0

ixd0
ix; Sxy = å N

i= 1 m0
ixd0

iy; : : : .
Since rotations are length preserving, i.e., jjRd0

i jj
2=

jjd0
i jj

2, the error function (9) is expandedto
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Therotationaffectsonly themiddleterm,thusit is suf�cient
to maximize

N

å
i= 1

m0
i � Rd0

i =
N

å
i= 1

m0
i
TRd0

i : (13)

Using the traceof a matrix, (13) canbe rewritten to obtain

tr

 
N

å
i= 1

Rd0
im

0
i
T

!

= tr (RH) :

Hereby, matrix H hasto bede�ned asin (12).Now we have
to �nd the matrix R that maximizestr (RH). Assumethat
thesingularvaluedecompositionof H is H = ULVT , with
U andV orthonormal3� 3 matricesandL a 3� 3 diagonal
matrixwithout negativeelements.SupposeR= VUT . Then,
R is orthonormaland

RH = VUTULVT

= VLVT

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

tr (RH) � tr (BRH) ;

for any orthonormalmatrix B. Thereforethe matrix R is
optimal. Proving the lemma is straightforward, using the
inequationof Chauchy-Schwarz[1]. Theoptimaltranslation
is calculatedas(cf. (8b) and(11)): t = cm � Rcd.

B. ICP-based6D SLAM

To digitalizeenvironments,multiple 3D scanshave to be
registered.After registration,the scenehasto be globally
consistent.A straightforward methodfor aligning several
3D scans is pairwise matching, i.e., the new scan is
registeredagainst the scan with the largest overlapping
areas.The latteroneis determinedin a preprocessingstep.
Alternatively, incrementalmatching could be used,i.e., the
new scanis registeredagainsta so-calledmetascan, which
is theunionof thepreviouslyacquiredandregisteredscans.
Eachscanmatchinghasa limited precision.Both methods
accumulatethe registrationerrorssuchthat the registration
of a large numberof 3D scansleadsto inconsistentscenes
andto problemswith the robot localization.

After matching multiple 3D scans,errors have accu-
mulatedand a closed loop will be inconsistent.Our 6D
SLAM algorithm detectsa closing loop by registeringthe
last acquired 3D scan with earlier acquired scans.If a
registration is possible,the computederror is distributed
overall 3D scans.A secondstepminimizestheglobalerror.
The registrationof onescanis followed by registrationof
all neighboringscans,suchthat the error is minimized. In
an iterative fashiona consistentmodelis produced.Details
of the full algorithmcanbe found in [9], [12].



Fig. 3. Left: A view of a 3D scene(66785 3D data points). Right:
Subsampledversion(pointshave beenenlarged,6700datapoints).

C. ICP Speedups

The computationalrequirementsare reduced by two
methods:First we reducethe 3D data, i.e., we compute
point cloudsthat approximatethe scanned3D surfaceand
containonly a small fractionof the3D point cloud.Second
is the fastapproximationof the closestpoint with kd-trees
for the ICP algorithm.

Data reductionfor the ICP algorithm is doneusing the
proposed�lters of subsectionIII-A. Without �ltering, a
few outliersmay leadto multiple wrong point pairsduring
the 3D matching phaseand results in an incorrect 3D
scanalignment.Reductionand �ltering are donein every
single2D scanslice while scanning,they areimplemented
as online algorithms and run in parallel to the 3D scan
acquisition. In the end, the data for the scan matching
arecollectedfrom every third scanslice. This fastvertical
reductionyields a goodsurfacedescription(cf. Fig. 3).

kD-trees are a generalizationof binary search trees.
Every noderepresentsa partition of a point set to the two
successornodes.Theroot representsthewhole point cloud
and the leafs form a disjunct partition of the set. These
leafsare calledbuckets.Furthermore,every nodecontains
the limits of therepresentedpoint set.Searchingin kd-trees
is donerecursively. For a given 3D point pq, a comparison
with the separatingplane has to be performedin order
to decide on which side the searchmust continue.This
procedureis executeduntil theleafsarereached.There,the
algorithm has to evaluateall bucket points. However, the
closestpoint may be in a differentbucket, if f the distance
to the limits is smallerthan the oneto the closestpoint in
the bucket. In this casebacktrackinghasto be performed
(Fig. 4, left).

Arya et al. introducethe following notion for approxi-
mating the nearestneighbor[2]: Given an e> 0, then the
point p 2 D is the (1+ e)-approximatenearestneighbor
of the point pq if f jj p� qjj � (1 + e) jj p� � qjj , whereas
p� denote the true nearestneighbor, i.e., p is within a
relative error of e of the true nearestneighbor. In every
step the algorithm recordsthe closestpoint p; the search
�nishes if the distanceto the unanalyzedleafs is larger
than

�
�
�
� pq � p

�
�
�
� =(1+ e). Fig. 4 (right) shows an example

wherethe gray cell doesn't have to be analyzed,sincethe
point p satis�es the approximationcriterion. Fig. 5 shows
the computationtime for matchingtwo 3D scansusingkd-
trees(left) andapproximatekd-trees(right) with e= 50 for

p

p

q

Fig. 4. Left: Constructionof a kd-tree.Right: The (1+ e)-approximate
nearestneighbor. The searchalgorithm doesn't have to analyzethe gray
cell, sincethe point p satis�es the approximationcriterion.

Fig. 5. Left: Run time of the ICP algorithmusingkd-treeswith different
bucket sizes.Theminimal time is reachedfor 10 pointsperbucket. Right:
Computingtime for Approximatekd-treesearch.

differentbucket sizes.In [9] we show thatthequality of the
scanmatchingis not affectedby the approximation,dueto
the large numberof pointsand the iterative fashionof the
3D scanmatching.

V. THE SOFTWARE ARCHITECTURE

Fig. 6 sketchesthe software architecture.It is a client-
server architecturewhere client and server are connected
by wirelessLAN. On the robot's side a 100 Hz control
loop is running,adjustingthe motor velocities.In this loop
odometry and HAYAI are processedand merged with a
Kalman�lter . Theprocessingtime of HAYAI is around3%
of the CPU load. Thus there is enoughtime to compress
the cameraimagesto jpeg andto transmitthe data.

At the operatorstation the robot is teleoperated.Three
processesare executed in parallel: The communication
betweenremotejoystickcontrolandrobot,the3D mapping,
and the interactive, OpenGL-basedmap viewer. The latter
enablesthe operatorto intervene in the map generation
process,e.g.,manuallycorrectingthe initial 6D poseof an
acquired3D scanand restartingthe matchingalgorithm.
During competition, the operator tried to minimize the
number of acquired 3D scans to save time for victim
detection.The virtual camerapose in the 3D mapping
window is freely adjustable,thougha view from top is used
by default, sinceit providesthe bestsituationawareness.

TCP
 /IP

Camera Cmds

VisualizationMapping
3DCommu- Result

(single task 100 Hz loop)

Op. stationRobot
Joystick and

nication
PI control and HAYAI

Camera Images

Status(odo. sensors)
Laser Data

Fig. 6. SystemOverview: The robot runs a 100 Hz loop for motor
control, scanprocessing,imageencodingand transmission.The Kurt3D
server executesthreethreadsthat areresponsiblefor communicating,3D
mappingandresult visualization.



VI. RESULTS AND CONCLUSION

The proposed algorithms have been evaluated at
RoboCupRescue2004 in Lisbon. Fig. 7 shows an online
generated3D map (top view). Two 3D views are given
in Fig. 8. An of�ine-rendered animationof the acquired
datacanbe found at http://www.ais.fhg.de/ARC/kurt3D/
rr.html .

Basedon the principlesof 3D scanmatching,we have
designeda SLAM algorithm in six dimensionsusing loop
closing and global error minimization [9]. This global
error minimization is currently too slow to be deployed
on a rescuesystem.The computingtime of this relaxation
algorithm is in the order of several minutesfor a typical
rescuearena,thus in the designatedscenariowe usepure
3D scanmatchingfor mapping.Since3D scanspotentially
provide a lot of informationandthe areais small, i.e., 6 m
� 6 m, scanmatchingis suf�cient for mapping.

This paperhas presenteda mobile robotic systemfor
teleoperated3D mappingof environments.The mapping
is done by meansof a fast pose tracking algorithm and
3D scanmatching.We have demonstratedour 3D mapping
capabilitiesat the RoboCupRescue2004 in Lisbon, were
our teamwon the2ndprize.Theaim of futurework is com-
bining the mapping algorithms with mechatronicrobotic
systems,i.e., building a robot system that can actually
go into the third dimensionand can cope with the red
arenain RoboCupRescue.Furthermore,we concentrateon
enhancingthesystem's autonomy:In additionto automatic
mapping,autonomousdriving andexplorationareplanned.
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Fig. 7. A 3D map of the rescuearena(orange)during RoboCup2004
asa point cloud (top view). The pointson the groundhave beencolored
in light grey. The 3D scanpositions(blue) and a found victim (red) are
marked.

Fig. 8. A 3D view of the map of Fig. 7 renderedfrom a poseslightly
above the arena.The 1 m2 grid is superimposedin the �rst map.


