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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 ervironmentin 3D
and self localizein all six degreesof freedom,i.e., considering
its x, y and z positions and the roll, yaw and pitch angles.

|. INTRODUCTION

For protectinghumansit is nowadaysimportantto build
robotsthatareableto operatein earthquak, re, explosive
and chemical disasterareas. The community of Urban
SearchandRescudrobotics(USAR) grows very fast.Many
robots are manufctured, 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 robotis capableof mapping
its ervironmentin 3D and self localize in six degreesof
freedom,i.e., consideringits x, y and z positionsand the
roll, yaw and pitch angles(6D SLAM).

Kurt3D's mappingsystemconsistsof threemajor parts.
First is the preciseplanarposetracking algorithm HAYAL.
Using 2D laser scans,featuresthat correspondo natural
landmarksare extractedand pairedwith featuresof previ-
ous scans.Second,a fast and reliable 3D scanmatching
procedure,employing a sophisticatedpoint reductionand
approximatenearestneighborsearch,is usedto generate
3D mapsandrelocalizethe robot. The basisof the 3D scan
matchingis the well know iterative closestpoints (ICP) al-
gorithm. Thethird moduleis aninteractive, semi-automatic
control programthat enableshe operatorto interferewith
the mappingprocessfor corrections.This paperfocusses
on Kurt3D's mappingand localization modulesand their
interactionin the rescuecontet, devising the similarities
betweenHAYAI and 6D SLAM.

A. Stateof the Art

1) RescueRoboticsSystems:Currentrescuerobotsare
mainly designedor searchindor victims andpathsthrough
rubble that would be quicker to excavate, for structural
inspectionandfor detectionof hazardousnaterial[7]. The
robotsaredesignedo go a bit deepethantraditionalsearch
equipment,.e, cameragnountedon poles[7]. The actual
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Fig.1. ThemobilerobotKurt3D equippedwith the 3D laserrange nder
as presentecat RoboCup2004. The scannergechnicalbasisis a SICK
2D laserrange nder (LMS-200).

operatingrangeof currentrescuerobotsis 5 20 m. The
robots, e.g., the microtracs“micro-VGTV” and “Solem”
[8], aresmalltanksthat are connectedvith the operatorby
wire for transmittinga video signal. In fact, camerasare
the only sensorsthusmappingthe ervironmentis basically
impossible.Otherrescuerobot systemsare basedon tank-
like chassistoo. While mappingervironmentsis a large
researcheld in mobilerobotics,only alittle work hasbeen
donein the automaticmappingof rescueervironments,as
presentedn [4].

2) 3D Mapping: Insteadof using 3D scannerswhich
yield consistent3D scansin the rst place,somegroups
have attemptedto build 3D volumetric representationsf
ervironmentswith 2D laserrange nders. E.g., Thrun et
al. [13] usetwo 2D laserrange nders for acquiring 3D
data.One laserscanneris mountedhorizontally the other
vertically. The latter one grabsa vertical scanline which
is transformedinto 3D points basedon the currentrobot
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,expensve 3D
laser scannerg5], [10]. The RESOLV project aimed at
modelinginteriorsfor virtual reality andtele-presencgl0].
They useda RIEGL laserrange nder on robotsand the
ICP algorithmfor scanmatching[3]. The AVENUE project
develops a robot for modeling urban ervironments[5],



usinga CYRAX laserscannerNeverthelessin their recent
work they do not usedataof the laserscanneiin the robot
control architecturdor localization[5]. Theresearchgroup
of M. Hebert has reconstructedervironments using the
Zoller+Fmhlich laserscannerandaimsto build 3D models
without initial position estimates,i.e., without odometry
information [6].
1. THE EXPLORATION RoBOT KURT3D

Kurt3D! (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 onesare shifted outwards.Front
and rearwheelshave no treadpatternto enhancerotating.
Kurt3D operatedor about4 hourswith onebatterychage
(28 NiMH cells, capacity: 4500 mAh) chage. The core
of the robotis an Intel-Centrino-1400MHz with 768 MB
RAM and a Linux operatingsystem.An embeddedl16-
Bit CMOS microcontrolleris usedto processsommandgo
the motor. A CAN interface connectsthe laptop with the
microcontroller

The3D laserrange nder (Fig. 1) is built on basisof a2D
range nder by extensionof a mountanda standardseno
motor [11]. The 2D laserrange nder is attachedto the
mountin the centerof rotation for achiezing a controlled
pitch motion. The seno is connectedn the left side (Fig.

1). The 3D laserscanneroperatesfor up to 5h (Scanner:

17 W, 20 NiMH cellswith a capacityof 4500mAh, Seno:
0.85W, 4.5V with batteriesof 4500 mAh) on one battery

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 laserrange nder
(rotatingmirror device). Planeswith moredatapoints,e.g.,
361,721, duplicateor quadruplicatehis time. Thusa scan
with 361 176 datapointsneeds4.5 secondsIn addition
to the distancemeasurementhe 3D laserrange nder is
capableof quantifyingthe amountof light returningto the
scannerresultingin a black/whitere ectanceimageof the
scene.Scanningthe ervironment with a mobile robot is
donein a stop-scan-gdashion.

Kurt3Dis equippedvith 2 4 superbright LEDs andtwo
uorescenttubesto illuminate the surroundingsThe LEDs
are attachedto the two pan-and-tilt Logitech QuickCam
4000 camerasAdditional 8 NiMH cells are usedto power
the light.

I11. POSE TRACKING WITH HAYAI
This section describesthe newly developed algorithm
HAYAI (Highspeed And Yet Accurate Indoor/outdoor

lvideosof explorationswith Kurt3D canbe found at:
http:/fwww.ais.fraunhofer.de/ARC/kurt3D/index.html

tracking). Thematchingalgorithmis basednthefollowing
scheme:
1) Detectfeatureswithin scanR , yielding featuresetM
(modelse). Likewise computesetD (data se) from
a previous scans.
2) Searchor pairwisecorrespondindeaturesrom both
sets,resultingin two subsetdM M andD D.
3) Computethe pose shift Dp = (Dx;Dy,Dg)" as the
optimal transformationfor mappingD onto M.
4) Update the robots pose p, ! ppr1 accor
ding to formula (1). Dp
5) Save the currentscanasnew referencescanR  S.
Givenaposep, = (Xn;Yn;0n) anda transformatiorDp =

(Dx; Dy; Dg), the transition Pn ! Pre1 is
calculatedasfollows: Dp
0 1 0 10 _ 10 1
Xn+ 1 Xn cosgn singn O Dx
@y 1A = @yA + @ sing, cosgn 0A @Dy A (1)
On+1 On 0 0 1 Dq

A. Data Filtering

Scanningis noisy and small errors may occur, namely
Gaussiamoise and salt and peppernoise. The latter one
arisesfor example at edgeswhere the laser beamof the
scannehits two surfacesresultingin ameananderroneous
datavalue. Furthermorere ections, e.g.,at glasssurfaces,
lead to suspiciousdata. We proposetwo fast ltering
methodsto modify the datain orderto enhancehe quality
of each scan, typically containing 181 data points. The
datareduction,usedfor reducingGaussiamoise,works as
follows: The scanneremits the laserbeamsin a spherical
way, suchthatthe datapointscloseto the sourceare more
denseMultiple datapointslocatedclosetogetherarejoined
into one point. The number of these so-called reduced
pointsis one order of magnitudesmallerthanthe original
one. For eliminating salt and peppernoise,a median Iter
removes the outliers by replacinga data point with the
medianvalue of the n surroundingpoints (here:n= 7).
Theneighborpointsaredeterminedaccordingto theirindex
within the scan,since the laserscannemrovides the data
sortedin acounterclockwisedirection.Themedianvalueis
calculatedwith regardto the Euclidiandistanceof the data
pointsto the point of origin. In orderto remove noisy data
but leave the remainingscanpointsuntouchedthe ltering
algorithm replacesa data point with the corresponding
medianvalueif andonly if the Euclidiandistancebetween
bothis largerthana x edthreshold(e.g.,200 cm).
B. Extraction and Matching of Featues

As describedabove, the scanmatchingalgorithm com-
putes a transformationDp such that a set of featues
extracted from the rst scan,is mappedoptimally to a
featureset of the secondscan.In orderto be usablefor
a posetrackingalgorithm,thesefeatureshave to ful Il  two
requirementsFirst, they have to beinvariant with respecto
rotationandtranslation.Secondthey have to be efciently
computablein orderto satisfyreal time constraints.

Using the inherent order of the scan data allows the
applicationof linear lters for a fastand reliable feature
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Fig. 2. Fromleft to right: (1) Application of the featuredetection Iters.
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-100 0 100 200 300 -100 0 100 200 300
[em] [em]

(2) and (3) Pairing of correspondindeaturesy(j ;r) representatiorf2) vs.

detection.HAYAI choosesextremain the polar representa- C. PoseCalculation

tion of a scanasnaturallandmarksTheseextremacorrelate
to cornersandjump edgesin Cartesiarspace.The usageof
polar coordinatesmplicatesa reductionby onedimension,
sinceall operationgdeployed for featureextractionarefast
linear lters, operatingon the sequenceof range values
..... N*
G|venaoned|menS|onaI Iter Y = y 1, Y0, Y+1 ,the
Itered valuerY of ascanpointr; (i=2;:::; N 1)isde ned
aer = ak: 1Y kli+ k. For featuredetectlon,thescan5|gnal
is Itered asfollows:
1) Sharperthedatain orderto emphasizé¢he signi cant
partsof the scan,i.e., the extrema,without modifying
the residualscan,by applyinga sharpenlter of the

foomYi= 1,4, 1.
2) Computeof the derivation signalby usinga gradient
lter Yo,= 1:0;/1

3) Smooththe gradientzsignal to simplify the detection
of zerocrossingswith a soften Iter Yz= 1;1;1 .
Fig. 2 (left) illustratesthe effects of the used lters.

After generatingthe sets of featuresM;D from both
scans,a matchingbetweenboth setshasto be calculated.
Insteadof solvingthe hardoptimizationproblemof search-
ing for an optimal match, we use a heuristic approach,
utilizing inherentknowledgeaboutthe problemof matching
features,e.g., the fact that the features'topology cannot
changefundamentallyfrom one scanto the following. The
basicaim is to build a matrix of possiblematchingpairs,
basedon an error function de ning the distancebetween
two points mi;dj, with my = (m¥;mY)T in Cartesian,or
(rr{ ;m)T in polar coordinatesresp.(d; analogously):

wlq(m! d) 2+ wp(ml di)2
(M d2+ (m' df)?
+Q mid; e

with constants(wk)of 1.2.3g, implementinga weighting
betweenthe polar and CartesiandistancesThe function Q
inhibits matchingsbetweentwo featuresof differenttypes:

(
0 Gm) = Jdj)

¥ else

q
dist mj;d; =

+ W3

Q midj =

with a classication function G: (M [ D) 7! fmax;

min.;in ection pointg. The resultingmatrix w;;j denotingfea-
ture correspondenceis simpli ed until the matchis non-
ambiguousFig. 2 showvs the matchof two scans.

Given two sets of featuresM = fmjm 2 R% i =
1;::;NmgandD= di di2R?%i=1;:::;Ng , the cal-
culatlon of the optimal transformatlorfor mappng onto
M is an optimizationproblemof the error function:

N N

aWIj m
|111

E(Rt) = (Rdj +1) 2 ®3)

o= a iim  (Rd+1)jj?; (4)

I 1

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

1N 1y
Cm= am; G=<ad ()
N i=1 N i=1 l
and MO= fmi M CmJ1;::;N (6)
D= fdlO =di 491N @)

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

E(Rt)u—aumi R + Regi
N E I f{ Ry
1y 5
=qa m R T+ T a jifii? (8a)
i=1 ':
2. 8 0
Nbam Rd; (8b)

In orderto minimize the sum above, all termshave to be
minimized.Thethird sum(8b) is zero,sinceall valuesrefer
to centroid. The secondpart (8a) hasits minimumfor f= 0
ort=cn Rcy. Thereforethe algorithm hasto minimize
only the rst term,andthe correspondingerror functionis:

oN 0 2
ERuag m RSP “: 9)
i=1

By solving the equatlon E(RDq) 0 for a 2D rotation
Rog= R, the optimal r%tatlon is calculatedals

a mdY+ mYdY
Dqg= arcta Nl :
a ) XqY

With givenrotation,thetranslationis calculatedasfollows:

(10)
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1V. 3D MAPPING AND 6D ROBOT RELOCALIZATION

Multiple 3D scansare necessaryto digitalize erviron-
mentswithout occlusionsTo createa correctandconsistent
model,thescanshave to be memgedinto onecoordinatesys-
tem. This processis called registration.If the localization
of the robotwith the scannemwere precise the registration
could be donedirectly basedon the robot pose.However,
relative self localizationis erroneousgven with HAYAI, so
the geometricstructureof overlapping3D scanshasto be
consideredor registration.

A. 6D Raistration of 3D Scans

Thefollowing methodfor registrationof point setsis part
of mary 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
orientationandthe x, y, andz position of the robot

Given two independenthacquiredsetsof 3D points,M
(iMj = Nm) andD (jDj = Ng), which correspondo 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 vectorsarein 3D space
andR hasto be an orthonormal3 3 matrix. Now, wi:j is
assigned. if thei-th pointof M describeshe samepointin
spaceasthe j-th pointof D. Otherwisew;;j is 0. Two things
have to be calculated:First, the correspondingroints, and
second the transformation(R, t) that minimize E(R;t) on
the baseof the correspondingpoints.

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

The corversion of (3) to (4) holds in 3D space,too.
The algorithm computesthe optimal rotationby R= VU T.
Herebythe matricesV andU are derived by the singular
valuedecompositiotH = ULV T of a correlationmatrix H.
This (3 3) matrixH is gB/en by

1
°N T 0 Six S(y Sz
H=3dmd’=@Sx Sy Sz A; (12)
i=1 Sx Sy Sz

with Sx= &fL; mldd; Sy= &N, mpd; :::.
Since rotations are length preserving, i.e., jjRd}j?=
jiddj?, the error function (9) is expandedto
N N
S 2amRfra &
i=1 i=1
Therotationaffectsonly the middleterm,thusit is sufcient
to maximize

N
ER)=§
i=1

N
anf Rf= g m’ Rd? (13)

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

N
tr § RAMT = tr(RH):

i=1
Hereby matrix H hasto bede ned asin (12). Now we have
to nd the matrix R that maximizestr (RH). Assumethat
the singularvalue decompositiorof H is H= ULV T, with
U andV orthonormalB 3 matricesandL a3 3diagonal
matrix without negative elementsSupposdR= VU T. Then,

R is orthonormaland
RH vuTuLvT

= VvLVT

is a symmetric,positive de nite matrix. Arun, Huangand
Blostein provide a lemmato shov that

tr(RH) tr(BRH);

for ary orthonormalmatrix B. Thereforethe matrix R is
optimal. Proving the lemmalis straightforvard, using the
inequatiorof Chauchy-Schwarz[1]. Theoptimaltranslation
is calculatedas (cf. (8b) and (11)):t= ¢y Rcg.

B. ICP-based6D SLAM

To digitalize ernvironmentsmultiple 3D scanshave to be
registered.After registration,the scenehasto be globally
consistent A straightfornard methodfor aligning several
3D scansis pairwise matding, i.e., the new scan is
registered againstthe scan with the largest overlapping
areasThe latteroneis determinedn a preprocessingtep.
Alternatively, incrementalmatcing could be used,i.e., the
new scanis registeredagainsta so-calledmetascanwhich
is theunion of the previously acquiredandregisteredscans.
Eachscanmatchinghasa limited precision.Both methods
accumulatehe registrationerrorssuchthat the registration
of alarge numberof 3D scandeadsto inconsistenscenes
andto problemswith the robot localization.

After matching multiple 3D scans,errors have accu-
mulatedand a closedloop will be inconsistent.Our 6D
SLAM algorithm detectsa closing loop by registeringthe
last acquired 3D scan with earlier acquiredscans.If a
registration is possible,the computederror is distributed
overall 3D scansA secondstepminimizestheglobalerror.
The registrationof one scanis followed by registrationof
all neighboringscans,suchthat the error is minimized. In
aniterative fashiona consistenmodelis producedDetails
of the full algorithmcanbe foundin [9], [12].



Fig. 3.

Left: A view of a 3D scene(66785 3D data points). Right:
Subsampledrersion (points have beenenlaged, 6700 datapoints).

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 smallfraction of the 3D point cloud. Second
is the fastapproximationof the closestpoint with kd-trees
for the ICP algorithm.

Data reductionfor the ICP algorithmis doneusing the
proposed lters of subsectionlll-A. Without Itering, a
few outliersmay leadto multiple wrong point pairsduring
the 3D matching phaseand resultsin an incorrect 3D
scanalignment.Reductionand ltering are donein every
single 2D scanslice while scanningthey areimplemented
as online algorithmsand run in parallel to the 3D scan
acquisition. In the end, the data for the scan matching
are collectedfrom every third scanslice. This fastvertical
reductionyields a good surfacedescription(cf. Fig. 3).

kD-trees are a generalizationof binary searchtrees.
Every noderepresents partition of a point setto the two
successonodes.Theroot representshe whole point cloud
and the leafs form a disjunct partition of the set. These
leafs are called buckets. Furthermore gvery nodecontains
thelimits of therepresentegoint set.Searchingn kd-trees
is donerecursvely. For a given 3D point py, a comparison
with the separatingplane has to be performedin order
to decide on which side the searchmust continue. This
procedurds executeduntil the leafsarereachedThere,the
algorithm hasto evaluateall bucket points. However, the
closestpoint may be in a differentbucket, iff the distance
to the limits is smallerthanthe 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 ane> 0, thenthe
point p2 D is the (1+ €)-approximatenearestneighbor
of the point py iff jjp dj (1+€jjp dj, whereas
p denotethe true nearestneighbor i.e., p is within a
relative error of e of the true nearestneighbor In every
stepthe algorithm recordsthe closestpoint p; the search

nishes if the distanceto the unanalyzedleafs is larger
than p; p =(1+ €). Fig. 4 (right) shavs an example
wherethe gray cell doesnt have to be analyzed sincethe
point p satis es the approximationcriterion. Fig. 5 shovs
the computatiortime for matchingtwo 3D scansusingkd-
trees(left) andapproximatekd-trees(right) with e= 50 for

o | first partition

o ° - second pattition

——————— third partition

Ball-Within-Bounds| Fousthpartition

ST )

Fig. 4. Left: Constructionof a kd-tree.Right: The (1+ €)-approximate
nearesteighbor The searchalgorithm doesnt have to analyzethe gray
cell, sincethe point p satis esthe approximationcriterion.

[ms] e=50
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Fig.5. Left: Runtime of the ICP algorithmusingkd-treeswith different

bucket sizes.The minimal time is reachedor 10 pointsperbucket. Right:
Computingtime for Approximatekd-treesearch.
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differentbucket sizes.In [9] we show thatthe quality of the
scanmatchingis not affectedby the approximationdueto
the large numberof points andthe iterative fashionof the
3D scanmatching.

V. THE SOFTWARE ARCHITECTURE

Fig. 6 sketchesthe software architecturelt is a client-
sener architecturewhere client and sener 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 Iter . The processingime of HAYAI is around3%
of the CPU load. Thus thereis enoughtime to compress
the cameraimagesto jpeg andto transmitthe data.

At the operatorstationthe robot is teleoperatedThree
processesare executedin parallel: The communication
betweerremotejoystick controlandrobot,the 3D mapping,
andthe interactve, OpenGL-basednap viewer. The latter
enablesthe operatorto intervene in the map generation
processg.g.,manuallycorrectingthe initial 6D poseof an
acquired3D scanand restartingthe matching algorithm.
During competition, the operator tried to minimize the
number of acquired 3D scansto save time for victim
detection. The virtual camerapose in the 3D mapping
window is freely adjustablethougha view from top is used
by default, sinceit providesthe bestsituationawareness.

TCP ;
Robot P Op. station ==
Camera Images ) ﬂ
Laser Data Joystick and ;
Status(odo. sensors) Camera Cmds i "‘3" [
Pl control and HAYAI Commu-| 3D Result
(single task 100 Hz loop) nication | Mapping|Visualization

Fig. 6. SystemOvervien: The robot runs a 100 Hz loop for motor
control, scanprocessingjmage encodingand transmissionThe Kurt3D
sener executesthreethreadsthat are responsibl€for communicating3D
mappingand resultvisualization.



V1. RESULTS AND CONCLUSION

The proposed algorithms have been evaluated at
RoboCupRescue2004 in Lisbon. Fig. 7 shavs 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 algorithmin six dimensionsusingloop
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 s in the order of several minutesfor a typical
rescuearena,thusin the designatedscenariowe use pure
3D scanmatchingfor mapping.Since3D scanspotentially
provide alot of informationandthe areais small,i.e., 6 m

6 m, scanmatchingis sufcient for mapping.

This paperhas presenteda mobile robotic systemfor
teleoperated3D mappingof ervironments.The mapping
is done by meansof a fast posetracking algorithm and Fig. 7. A 3D map of the rescuearena(orange)during RoboCup2004
3D scanmatching.We have demonstratedur 3D mapping asa point cloud (top view). The pointson the groundhave beencolored
capabilitiesat the RoboCupRescue2004 in Lisbon, were
ourteamwon the 2nd prize. The aim of futurework is com-
bining the mapping algorithmswith mechatronicrobotic
systems,i.e., building a robot systemthat can actually
go into the third dimensionand can cope with the red
arenain RoboCupRescueFurthermorewe concentrat®n
enhancinghe systems autonomy:ln additionto automatic
mapping,autonomoudlriving and explorationare planned.
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in light grey. The 3D scanpositions(blue) and a found victim (red) are
marled.

Fig. 8. A 3D view of the map of Fig. 7 renderedirom a poseslightly
above the arena.The 1 m? grid is superimposedh the rst map.



