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ABSTRACT
Thispaperdescribesthecontrolalgorithmsof thehighspeed
mobile robot Kurt3D. Kurt3D drivesup to 4 m/s autono-
mouslyandreliably in anunknown of�ce environment.We
presentthe reliablehardware,fastcontrolcycle algorithms
and a novel set value computationschemefor achieving
thesevelocities. In additionwe sketcha real-timecapable
laserbasedpositiontrackingmethodthat is well suitedfor
driving with thesevelocities.

1. INTRODUCTION
Many car companiesusetheir experiencegatheredduring
car racesto improve their products. In analogywe have
equippedtheKURT2 robotplatform[4] with morepower-
ful motorsand designedhigh speedcontrol and localiza-
tion algorithmsto build more reliable robots. The devel-
opedcontrol cycle including setvaluecomputationis fast
(100Hz), realtimecapableandeasyto maintain.Themotor
controllerconsistsof a feedforwardPI controllercombined
with a lookuptablefor mappingspeedto PWM valuesand
linearizatingthemotorsignal.It combinesopenandclosed
loop controlconceptsandensuresa fastresponsetime with
only a small overshoot. In the control cycle, the set val-
uesfor thecontrollersarecomputedby oneof threemeth-
ods: Joysticks commandsfor manualcontrol, fuzzy rules
for autonomousdriving, or a coordinatebasedcontrol for
goaldirectedmotion.Thecontrolloop is roundoff with the
preciseplanarposetrackingalgorithmHAYAI thatwas�rst
presentedin [6]. Featuresareextractedfrom two consec-
utive laserscansandmatchedin orderto track the robot's
movement.The resultingcontrol architectureshows many
bene�tsevenfor slower robots.

Therestof thepaperis organizedasfollows: Next we
presentrelatedwork andtherobotKurt3D itself. Thenwe
discussthehigh speedcontrol, followedby theposetrack-
ing algorithm.Sincethespirit of autonomouslydrivinghigh
speedrobotscannotreally be presentedin a paper, we ad-
visethereaderin Section4 to view theWWW resourcesin
orderto gainan impressionof theexperimentsandresults.
Section5 providesasummaryandoutlook.

1.1. RelatedWork – High SpeedRobotics

Currentrobotsthat drive indoor with “high speed”arere-
portedachieving maximumvelocitiesof 0.4m/sto 1.6m/s
[5,9,11]. Santisoetal. presentanalgorithmfor localization
within a given mapwhile driving with 2 m/s [8], without
actually performingreal world experimentsat that speed,
though. Methodsfor dealingwith specialaspectsof driv-
ing andcontrollinga robotwith highvelocity, e.g.,obstacle
avoidancethat takes into accountthe robot's speed,or re-
actively adaptingpathsfor optimizingthedriventrajectory,
canbefoundin [1,3,9].

In applicationswith restricted,prede�nedenvironments,
i.e., RoboCup,robotsof a sizesimilar to Kurt3D andwith
maximumvelocitiesin therangeof severalmeterspersec-
ond canbe found. However, their maximalvelocitiescan-
notbecontrolledautonomouslynorcantheposebetracked
in generalenvironmentslike an of�ce building [12]. In
RoboCupscenarios,a high accelerationis mandatoryto be
successful,but is only maintainedduring a very shortpe-
riod of time dueto spacerestrictionsof theplay �eld [13].
In the restof the paper, we considerashigh-speedfor an
indoor robot all speeds> 2 m/s, i.e., speedsconsiderably
fasterthanwalking speed.

1.2. The Mobile Robot Kurt3D

Kurt3D (Fig. 1, left) is a mobilerobotplatformwith a size
of 45 cm (length) � 33 cm (width) � 47 cm (height)and
a weight of 22.6kg. Its theoreticalmaximalvelocity (idle
motion)is 5.2m/s;actuallydriving underautonomouscon-
trol, upto 4 m/shasbeenachieved.It is equippedwith a3D
laserrange�nder. Two 90 W (short-time200 W) motors
areusedto power the6 wheels,whereasthe front andrear
wheelshave no treadpatternto enhancerotating. Thecore
of therobotis aPentium-III-600MHz with 384MB RAM.

Themainsensorof Kurt is a tiltable laserrange�nder.
While driving, thescanneris usedin �x edhorizontalposi-
tion only. 181distancevaluesaremeasuredin 13 ms. This
high frequency is the basisof thesafeandreliablecontrol
andlocalization.
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Figure1: Left: ThemobilerobotKurt3D,equippedwith a 3D laserscannerbasedona SICK LMS-200.Right: Controlunit
for onemotor, basedona feedforwardPI controller, thuscombinesopenandclosedloopcontrolconcepts.
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Figure2: Left: Stepresponseto maximumvelocity (mea-
suredon carpet),approximatingPT1 Themeasurementer-
ror at t = 1200is dueto odometry:We measurethe ticks
per secondat the motor, not the wheels; errors occur if
the transmissionbelt slips. Right: Speedof left andright
wheelsasa function of incomingPWM signals,measured
with no-load. In comparison,the robot's speedwhendriv-
ing oncarpetdiffersapproximatelyby aconstantoffset.

2. HIGH SPEEDROBOT CONTROL

Localizinga robot thatdriveswith high speed(e.g.,4 m/s)
doesnot only call for a very fasttrackingalgorithmto keep
being localized. It also requiresa vehicle that is able to
drive safelywith suchvelocitiesin an indoorenvironment,
includingtheability to reactin realtime to suddenchanges
of the surrounding,like openingdoorsor peoplewalking
around.TherobotcontrolimplementedonKurt3D consists
of two parts,namelya fast motor controller and a set of
behaviors for setvaluecomputation.

2.1. Motor Controller

Designingacontrolprogramfor autonomousmobilerobots
consistsof implementingacontrolleror setof behaviors in-
cludinga setvaluecomputationfor thecontroller. Hereby,
thegoalis to adjusttheinputsignalto externaldisturbances,
e.g.,�uctuations of batteryvoltageandfriction. Appropri-
atesetvalues,e.g.,the robotspeedor turningvelocity, are
mappedby acontrolleror setof behaviorsto theactors,i.e.,
its motors.Thecontrolcycle of Kurt3D'smotorsrunswith
100Hz. In orderto modelthephysicalcharacteristics,dif-
ferentstepresponsesandthespeedof themotorswith no-
loadandon carpethave beenmeasured.Fig. 2 (left) shows

thestepresponseto maximumvelocity, following thechar-
acteristicsof a PT1 element. The right plot presentsthe
speedof the two motorswhenoperatingwith no-loadand
on carpetmoving straight forward. Every discretePWM
valuefrom 0 up to 1023is givento thesystemfor onesec-
ond,andthe reaction,i.e., the speedat the endof the sec-
ond, is measured.The systemshows non-linearitiesin the
upperspeedrange.The no-loadmeasurementandtheone
on carpetdiffer only by a constantoffset. The controller
works underthe assumptionthat this offset staysconstant
throughoutthe completevelocity interval, sinceit wasnot
possibleto measurethewholespeedrangeoncarpetdueto
physicallimitationsof thetestingenvironment(thelongest
corridorwastoo short). The inverseof the lookup tableT
(Fig. 2, right) togetherwith theoffsetbuild thebasefor the
openloop partof thecontroller. A givenspeedandsteering
anglearescaledby two feedforwardtermsFv andF! (see
Fig. 1, right) [7] andmappedto a PWM valueaccordingto
T . Fv is setto 1 accordingto thedesignof the lookup ta-
ble andoffset. An additionalfeedforward term is needed
for the angularvelocity (F! = � � 1 cm) accordingto the
signi�cant friction duringturning.

Thefastreactiontime of theoverall systemandthere-
liable closedloop motor control is formedby addinga PI-
term.By design,PI controllersgenerateacorrectiontermiff
acontroldeviationexists.TheP-termdecreasesthereaction
time until reachinga modi�ed setvalue.TheI-term avoids
steadystateerrorsbut leadsto a smallovershoot.However,
thecombinationof feedforward termswith the lookup ta-
ble shifts the motor signalsnearthe working point so that
thePI controlleronly controlssmalldisturbances,e.g.,dif-
ferentbatterystatesandrobotloads.Therefore,aD-termin
the controllerpart is neithernecessarynor desirable,since
derivative termsdo have dif�culties with noisein themea-
surement,compareFig. 2 (left).

Finally, themotorsreceive bandpass�ltered PWM sig-
nalsasinputs. Fig. 3 right shows the overall system,con-
tainingthemotorcontrollersfor theleft andright wheelsas
well asthestatetransformationformulas.
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Figure3: Left: For safenavigation,thereferencevelocity vset is computedasa functionof thedistanceto anobstaclelying
within a virtual roadway. Right: Schematicoverview of the robot's control system,containingtwo motor controllers(see
Fig. 1) for theleft andright wheel.

2.2. SetValueComputation

Wehaveimplementedthreealternativesfor computatingthe
setvaluesfor Kurt3D. Dependingon the application,tele-
operatedcontrolby a humanoperator, fuzzycontrolfor au-
tonomoushigh-speeddriving or globally stablerobot con-
trol for driving preciselyto speci�edcoordinatesis used.

2.2.1. Teleoperation
For teleoperation,ajoystickis used.Thejoysticksignalsare
directly mappedto thereferencevelocity vset andtherefer-
enceturningvelocity ! set. To our experience,it is dif�cult
for humanoperatorsto controlKurt3D manuallybeyonda
speedof 1 m/s.

2.2.2. FuzzyControl
To overcomethe problemswith a humanoperatorand to
enablethe robot to drive full speed,a fuzzy controller is
implementedthat steersthe robot autonomouslyinto free
space,yielding anautonomous“wanderaround”behaviour
with obstacleavoidance.In addition,thedriving directionis
relatively stableandtherobot'strajectorydoesnotoscillate.
181 instancesof a fuzzy rule with the following structure
(Eq. (1)) areusedto calculatethedriving direction. These
fuzzyrulesoperatedirectlyonthe2D laserrangedataof the
scanner:The i -th rule is appliedto the i -th measurement,
i.e., thereis exactlyonerulepermeasuredscanvalue:

IF (angle_i is in driving direction) AND
(distance_i is large)

THEN drive in this direction.
(1)

The fuzzy ANDis implementedas multiplication, the
steeringangle� resultsfrom theadditionof all i computed
direction vectors. In detail, given a set of measurements
f (' i ; r i )gi =1 ;::: ;181, theangle� is calculatedby

� = atan2
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Figure4: Setvaluegenerationwith fuzzy rules,seeEq.(1),
(2). Left: Functionf 1 weighsthe orientationof the data
(“ is in driving direction ”). Right: f 2 implements
a weightingon themeasureddistance(“ is large ”).

Fig. 4 shows the usedfunctionsf 1; f 2, implementing
a weightingon orientationresp. distanceaccordingto the
fuzzy rules(1). Theturningvelocity ! set is directly propor-
tional to theheading� .

In order to drive safelywith high speed,we apply the
followingalgorithmtosetKurt3D'svelocity: A virtual road-
way is de�ned accordingto therobot's width (Fig. 3, left).
If thereis no obstacleon this roadway in front of therobot
within a certaindistancedtomax, the referencevelocity vset

is set to a maximalvelocity vmax. Otherwise,the speedis
scaleddown to vset = dto=dtomax � vmax, with the mea-
sureddistanceto the obstacledto. In this way, the fuzzy
control navigatessafelyaroundobstacles.Nevertheless,if
dto falls below a �x edvaluedtomin, a differentbehavior is
evoked, i.e., vset is setto 0, ! set to a constant.This results
in a rotationof thevehicleuntil thevirtual roadway is free
again. For thesetvaluecomputationwe usethe following
constants:dtomin = 50 cm, dtomax = 600 cm andvmax of
4 m/s.

2.2.3. CoordinateBasedRobotControl

The coordinatebasedrobot control is usedfor approach-
ing discretecoordinates,e.g.,computedby anext bestview
plannerthat is utilized for the autonomousgenerationof
consistent3D environmentmodels[10]. In this mode,the
nonholonomicrobotKurt3Dis controlledby aclosedloop,



time invariantandglobally stablemotor controller, devel-
opedby G. Indiveri [2]. Thetargetcon�guration is always
approachedonastraightline andthevehicleis requestedto
movein only onespeci�edforwarddirection,thusavoiding
cuspsin thepathsandsatisfyingamajorrequirementfor the
implementationof suchstrategy onmany realsystems.Fol-
lowing thenotationin [10], let (xG ; yG ; ' ) betherobotpose
in the target centeredcoordinatesystem.The controlleris
basedonaCartesiankinematicmodeldescribedby:

_xG = vset � cos' _yG = vset � sin ' _' = ! set = vset � c:

Therebyvset is therobot's linearvelocity, ! set theangu-
lar velocity andc the (bounded)curvature. (0; 0; 0) is the
�nal position. The transformationof theCartesiancoordi-
natesinto polarlikecoordinatesresultsin

e =
p

xG
2 + yG

2 _e = � vset � cos�

� = atan2(� yG ; � xG ) ) _� = vset

�
c �

sin �
e

�

� = � � ' _' = vset �
sin �

e
:

G. Indiveri usesfor therobotspeedtheequationvset =

 � e with 
 > 0 and a Lyapunov-like basedcontrol law
synthesisto derivethefollowing formulafor thecurvature:

c =
sin �

e
+ h

�
e

�
sin �

�
+ �

�
e

;

with h > 1 and2 < � < h + 1 [2]. Thesetwo formulas
for thevelocityandcurvature(or angularvelocity) form the
closedloop, time-invariantandglobally stablemotor con-
troller with constanttime complexity.

2.3. The Robot Control Ar chitecture

Fig.5 showsanoverview of thecompletesystem,including
thepreviouslypresentedsetvalueunitsandthelocalization
algorithm HAYAI describedin the next section. The mo-
tor control loop runswith 100 Hz on a Linux laptop. The
generatedPWM signalsaresetvia anIn�neon C167micro-
controller connectedwith a CAN bus and a Microcontrol
PCMCIA CAN card.Thesetvaluecomputationrunsinside
this loop,if f new inputsignals,i.e.,sensordata,arepresent.
The fuzzy control generatesnew valueswith 75 Hz. The
fastlocalizationalgorithmHAYAI is executedin thecontrol
loop, restrictingthe time for scanmatchingto 10 ms. The
following sectiondescribesthis fastcomputation.

3. POSETRACKING WITH HAYAI

Thissectiondescribesthenewly developedalgorithmHAYAI
(HighspeedAndYetAccurateIndoor/outdoor-tracking),orig-
inally publishedin [6], whosemain pointswe recapitulate
hereto make this paperself-suf�cient. Thematchingalgo-
rithm is basedon thefollowing scheme:

1. Detectfeatureswithin scanR, yielding a featureset
M (modelset). Likewisecomputea setD (dataset)
from a previousscanS.

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

3. Computetheposeshift � p = (� x; � y; � � )T asthe
optimaltransformationfor mapping �D onto �M .

4. Update the robot's pose pn � � !
� p

pn +1 accor-
ding to formula(3).

5. Save thecurrentscanasnew referencescanR  S.
Given a posepn = (xn ; yn ; � n ) anda transformation

� p = (� x; � y; � � ), the transition pn � � !
� p

pn +1 is
calculatedasfollows:
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3.1. Extraction and Matching of Features

As describedabove,thescanmatchingalgorithmcomputes
a transformation� p suchthat a setof features, extracted
from the �rst scan,is mappedoptimally to a featuresetof
the secondscan. In orderto be usablefor a posetracking
algorithm, thesefeatureshave to ful�ll two requirements:
First, they have to be invariant with respectto rotationand
translation.Second,they have to beef�ciently computable
in orderto satisfyrealtimeconstraints.

Usingtheinherentorderof thescandataallows theap-
plicationof linear�lters for afastandreliablefeaturedetec-
tion. HAYAI choosesextremain thepolarrepresentationof
ascanasnaturallandmarks.Theseextremacorrelateto cor-
nersandjump edgesin Cartesianspace.Theusageof polar
coordinatesimplicatesa reductionby onedimension,since
all operationsdeployedfor featureextractionarefastlinear
�lters, operatingonthesequenceof rangevalues(r i ) i 2

� of
a scanS =

�
(' i ; r i )

�
i =1 ;:::;N .

Givena onedimensional�lter 	 = [  � 1;  0;  +1 ],
the �ltered valuer 	

i of a scanpoint r i (i = 2; : : : ; N � 1)

is de�ned as r 	
i =

P 1
k= � 1  k r i + k . For featuredetec-

tion, the scansignal is �ltered by a sharpen�lter (	 1 =
[ � 1; 4; � 1 ]), the gradientsignal is computed(	 2 =
[ � 1

2 ; 0; 1
2 ]) andsoftenedsoftened(	 3 = [ 1; 1; 1 ]). De-

tails canbe found in [6], Fig. 6 (left) illustratestheeffects
of these�lters.

After generatingthe setsof featuresM ; D from both
scans,a matchbetweenboth setshasto be calculated.In-
steadof solvingthehardoptimizationproblemof searching
for anoptimalmatch,we useaheuristicapproach,utilizing
inherentknowledgeabouttheproblemof matchingfeatures,
e.g.,thefactthat thefeatures'topologycannotchangefun-
damentallyfrom onescanto the following. Thebasicaim
is to build a matrix of possiblematchingpairs, basedon
an error functionde�ning the distancebetweentwo points
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m i ; d j , with m i = (mx
i ; my

i )T in Cartesian,or (m '
i ; mr

i )T

in polarcoordinates,resp.(d j analogously):

dist
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with constants(! k )k2f 1;2;3g, implementingaweightingbe-
tweenthe polar and Cartesiandistances.The function �
inhibitsmatchingsbetweentwo featuresof differenttypes:

�
�
m i ; d j

�
=

(
0 �( m i ) = �( d j )

1 else

with a classi�cation function � : (M [ D) 7! f max.;
min.; in�ection pointg. The resultingmatrix wi;j , denoting
featurecorrespondences,is simpli�ed until the match is
unique.Fig. 6 showsthematchof two scans.

3.2. PoseCalculation
Given two setsof features �M = f m i j m i 2

� 2; i =
1; : : : ; Nm g and �D =

�
d i

�
� di 2
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, the
calculationof the optimal transformationfor mappingD
ontoM is anoptimizationproblemof theerrorfunction:
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sincethematchis unique.In [6] weshowedthattheoptimal
rotationalangle� � andtranslation� t arecomputed,given
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4. EXPERIMENTS AND RESULTS

Pleaserefer to http://kos.informatik.uos.de/
download/highspeed/ for videosshowing theexperi-
mentsandresults.Kurt3D driving with 1.5m/sup to 4 m/s
aswell as localizationresultscanbe found. Furthermore,
safetytestswith suddenlychangingenvironmentsarepre-
sented:Whentherobotis driving full speedanda dynamic
obstaclesuddenlyappearswithin thevirtual roadway, Kurt3D
stopssafelyand,if necessary, bypassesit if thedistanceto
theobstacleis at least1 m.

A numberof unavoidableproblemsoccurwhendriving
high-speed:Vibrations,for example,lead in particularto
erroneoussensorreadings– checkout theURL mentioned
above to seea drive of the robot, viewed from a camera
mountedon topof thelaserscanner, to getanimpressionof
thescanner'smovement.Moreover, therobotitself is bound
to skidwhendriving andturningonasmoothsurface.

On the other hand,even driving slowly bene�ts from
this high speedarchitecture,sincemore reliability, stabil-
ity andavailability areachieved. Driving with high speed
madeit necessaryto implementa fastmotorcontrollerthat
reachesthe set valueswith very little delay. As a result,
algorithmsthataredependingon thesevalues(i.e., theco-
ordinatebasedcontrol,section2.2.3)canoperateatahigher
speed,too, resultingin a moreexactexecutionof taskslike
pathfollowing, independentof theactualspeedof therobot.

Wealsousedthepresentedcontrolschemefor aslower,
off-road versionof Kurt3D in the RoboCupRescue2004
competitionin Lisbon. Resultsand videosof the rescue
robotareavailableathttp://kos.informatik.uos.
de/download/Lisbon_RR/ . Following theracingcar
analogymentionedin the introduction,extensive testswith
thehighspeedrobothaveledto severalimprovementsof the
hardware,whicharenow transferedto thestandardKURT2
platform.

Futurework will concentrateon how thecontrolof the
robothasto changewith higherspeeds:while thedynamics
of a slow moving vehiclecanbe neglected,the described
scenarioleavesno choicethanto think aboutstoppingdis-
tance,maximal velocity and minimal turning anglewhen
driving acurvedtrajectory, etc.

5. SUMMARY AND OUTLOOK

Thispaperhaspresentedthecontrolarchitectureof thehigh
speedmobile robot Kurt3D. The ability to drive reliably
andsafelywith velocitiesconsiderablyfasterthanwalking
speed,e.g. 4 m/s, in an unknown of�ce environmenthas
beenpresentedusingstandardhardware. Therobot is con-
trolled with a feed forward PI controllercombinedwith a

lookup table for mappingspeedto PWM valuesand for
the linearizationof the I/O behavior. Different forms of
set value computations,e.g., a reactive fuzzy control and
a coordinatebasedone,usedfor deliberativepathplanning,
have beendiscussed.HAYAI, a fastrobot localization,�ts
into this simplesoftwarearchitecture,sinceonly a few cal-
culationsarenecessaryto match2D laserscansreliably.
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