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Abstract—Autonomousmobile service robotsfor transportation tasksin
indoor environments e.g. multistory buildings, have to act in normal dy-
namic environments but with a huge number of components. The robots
total repertoire of skills is high according to the complexity of the building
and its respective task. Difficult taskscan only be achieved on the baseby
immediatesensingof theenvironment. This paperdescribesafivelayer sen-
sor architecture with an integrated world model for multistory buildings.
In contrast to grid basedapproachesweusea feature basedapproach.The
sensorarchitecture aswell asthe evaluation modulesof the sensordata are
basedon natural landmarks. The key featuresof the sensorarchitecture
are reuseability, modularity and portability to other multistory buildings
aswell asextendibility with different sensors.

Keywords—robot architectures,sensorarchitectures,collision avoidance
and sensor-basedcontrol, robot sensingand data fusion, behavior-based
robotics

I . INTRODUCTION

Prognosesat the beginning of the ninetiesexpectedin the
year 2000 a numberof about50.000independentlyoperating
autonomousservicerobotsin differentareasof productionand
in the servicesector[1]. The reality looks different. In indus-
trial environmentsGuidedVehicles(GV) i.e. vehiclesguidedby
amagneticor opticalline arestandard[2]. However, in practice
autonomouslyactingmobileservicesystems- i.e. systemsnot
restrictedto follow a line - areusedextremelyrarely. Although
many researchgroupswork on autonomousmobile robotsfor
several years– particularly on mobile systemsfor transporta-
tion taskse.g. [3], [4], [5], [6]. The referencescontainonly
realrobotsnot toy robotsor scientificprototypeswhich in prac-
tice could not transportsomething. One main reasonfor the
gapbetweenprognosesandreality is thecomplexity of theen-
vironmentin whichtherobotshaveto act,particularlyfor multi-
storybuildings. Currentrobotcontrolarchitecturesarenot able
to handlethe complexity of multistory buildings [7], [8]. The
robotscanonly operatein onelevel like themuseumrobots[9].
Multistory buildings are dynamicenvironmentwith elevators
and fire doorswhich leadsto specialdemandsfor the mobile
units.

Todaysrobotcontrolarchitectureslikesaphira[8] handleonly
the low level driving instructionbut not high level sensorin-
formation processingwith different sensorse.g. for handling
elevatorsor fire doors. However in multistory buildings an in-
tegratedsensorlayer architectureis demandedfor the mobile
units. So, this paperpresentsthe integratedlayeredsensorar-
chitecturewith a world model that considersall this boundary
conditions. The describedsensorarchitectureis only a (very
important)partof a robotcontrolarchitecturebut not a control
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architectureby itself. Somelayersarewell known in literature
andonly briefly described.Thelayersof thesensorarchitecture
are connectedto different robot modulese.g. to the behavior
basedmoduleandplanningmodule,modulesfor the designof
robot control software, the simulationof robot behaviors and
robotbehavior anticipationwhich arenot partof this paper.

Dueto thesizeof officebuildingsa featurebasedapproachis
selected.Grid basedapproacheshavebeensuccessfullyusedfor
museumguides[9], [10] on onelevel, but leadto spaceand/or
computingtimeproblemsfor multistorybuildings.Othertypical
aspectsof this classof applicationssuchasplanningandmuti-
robotcooperationareimplementedbut not describedhere[11].

Autonomousmobileservicerobotsthathaveto executetrans-
portationtasksin multistory buildings have to reactflexibly to
variousboundaryconditions:� Thespaciousenvironmentcontainsa lot of components,that
usuallyareonly of a few differenttypes.Socomplexity is orig-
inatedby thelargenumberof components(offices).� In thecorridorsthat leadto theofficesusuallya few humans
andotherrobotsaremoving, i.e. the dynamicalcomplexity is
smallor medium.� The infrastructureof the buildings including e.g. elevators,
fire doorsor camerashasto beusedto reachagiventarget,since
thesecomponentsrepresentnaturallandmarksfor repositioning.� Permanentlychangingrequestsof the usershave to be ful-
filled fastandcomfortably. In particularthe userwantsto use
his known working environmentfor his interactions,e.g. his
Internetbrowser[12].� The robotshave to be save andreliable. i.e. a large system
with numerousrobotsmustsupporttreatmentof unforeseensit-
uationsandovercomesystemerrors.

Thepaperis structuredasfollows: Thesecondandthird sec-
tion givea brief introductionto our robotsandtheexperimental
environment. In the fourth sectionwe presenttheworld model
which is thebaseof layerIII - V. Thefive layersensorarchitec-
tureandthedifferentlayersaredescribedin thefifth section.We
concludethe paperby giving a prospectof our future research
activities.

I I . THE ARIADNE SERVICE ROBOT TEAM

Therobotteamconsistsof threemobilerobots(Fig. 1). Each
is about80cm � 60cm largeand90 cmhigh. Themobileplat-
form cancarry a payloadof 200kg at speedsof up to 0.8 m/s
(abouthalf thespeedof apedestrian).Theright andleft driving
wheelsaremountedon a suspensionon the centerline of the
mobileplatform. Passive castorson eachcornerof the chassis
ensurestability. Themajorapplicationareasareadministrative
buildings, like insurances,banks,hospitals,and offices. The
varietyof tasksis very large: from mail, lunchor coffeedistri-
bution on scheduleor on demandvia intra-/internetduring the



dayto patrollingatnight.

Fig. 1. Therobotcharging its batteries.It is equippedwith two drawersoneach
side

Thecoreof everyrobotis aPentiumPC166MHz with 16MB
RAM andreal-timeLinux. Two micro-controllersareused.One
controlsthe internalstates,display, keyboardandradio link of
the robot. The other onemanagesthe motorsand the optical
line-tracking.Besidesautonomousnavigation,whichis doneby
usingfuzzy-logic[13], therobothastheability to drivealongan
opticalline. Thisnavigationis preferredin narrow passages,e.g.
while enteringan elevator or during dockingmaneuvers. The
robotscanchangefrom autonomousnavigationto line-tracking
andbackby themselves.

Every platformis riggedwith two laserscanners,oneon the
front andoneon therear. Eachlaserscans180

�
of theenviron-

ment[14].
The250kg robotscanoperatefor about8 hourswith onebat-

terycharge.Whenthepowerdrainstherobotvisitsanautomatic
power recharging station,connectsitself to it andrechargesits
batteries.A missionserver will beinformedaboutthetime pe-
riod for which the robot is unavailableandanotherrobot takes
over. Currentinformationaboutthe robot, e.g. robot monitor-
ing, robot jobs, schedules,batteryloading, laserscansetc., is
representedathttp://lamu.gmd.de:8080.

A. TheexperimentalenvironmentGMD-ROBOBENCH

The robots currently move in the GMD-ROBOBENCH, a
typical multistoryH-shapedbuilding of about1600m2 (Fig. 2)
which servesasa generalprototypefor othermultistorybuild-
ings. Thebuilding is departedinto 84 office roomsand15 cor-
ridors on 3 levels reachableby elevators. All elevatorsand17
doorscanbe automaticallycontrolledby every robot with In-
ternetradio link. Office roomdoorscanbeopenedby humans
only. Web camerason somefloors allow live observation of
robotactions.

B. World model

The world modeli.e. the spatialdatabaseis the basefor the
layersIII - V. On onehandit is influencedby thedifferentsen-
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Fig. 2. Layoutof theprototypeenvironment.

sorsandthepossiblefeaturesextractedfrom thesensorsaswell
asby therobotmission.On theotherhandthespatialdatabase
influencestheselectionof thesensorsandthefeatureextraction
algorithms.

The spatialdatabaseintroducedherecontainsa topological
map to schedulejobs for robotsas well as to plan robot be-
haviors. The planneris a graphplanner[15]. In addition a
geometricalandfeaturemapfor the landmarkrecognitionand
robot relocalizationis implemented. The codesnecessaryfor
thehandlingof theelevatorsanddoorsarelikewisestoredin the
spatialdatabase.Furthermorereferencesto SQL databasesare
includedin themodel. In theSQL databaselists of personsare
storedwith their surname,first name,email address,telephone
numberanddoor designator. Thusall informationneededfor
theinteractionof robotsandhumansis availableandit is possi-
ble to implementa userfriendly interface[12].

It is important that the spatialdatabaseis a generalproto-
typefor multistorybuildings. It canbesimply adaptedto other
buildings andis easilyextendedto dealwith dynamicobjects.
Figure 3 shows a segment of our spatial databasefor multi-
storybuildings.Differentsectionsareparentheticalby J nameK
... J /nameK like in the XML specification.Thereforerobots
or otherclientsor serverscanexchangeandupdatethe spatial
databasevia theInternet.

The “corridor” structureis part of the topologicalmap and
usedat reasoninglayer IV. Eachcorridor hasan unambiguous
number(0), aname(T0-Roboter),acorridortype(0: officecor-
ridor, 1: junction corridor, 2: elevator ...), dimensions(width,
length,height,orientation),a global position (x,y,z) anda list
of branches(x,y,z). The“Branch” sectionexpressesthespatial
relationbetweenthedifferentcorridorsanddefinesthatthefirst
branch(0) of thecurrentcorridoris connectedto thefirst branch
(0) of thecorridor(2) e.g.(0 2 0). Thesecondbranch(1) is con-
nectedto thethird branch(2) of corridorwith thenumber3. The
branchdefinitionis thebasedescriptionfor thegraphplanner.

ThesectionJ RightWall K and J LeftWall K describesthege-
ometricdimensionsof the right/left wall respectively. The for-
mat is the following: type (1-10 walls, 11-15 doors, 16-20
protrusion,21-25niche,31 fire extinguisher, 36-40door signs



<Corridor>
0 T0-RoboterL 0 206 2190 300 -90
0 0 0 0 -103 0
</Corridor>

<Branch>
0 2 0
1 3 2
</Branch>

<RightWall>
1 ffffff 20 0 74 0 0 0 0 0 0

31 ff0000 16 74 53 -16 3 120 0 0 0
1 ffffff 20 127 117 0 0 0 0 0 0

16 ffffff 25 244 160 -5 3 200 0 0 0
1 ffffff 20 404 15 0 0 0 0 0 0

36 00ffff 1 419 15 -1 4 9 C2-T11 157 0
..
</RightWall>

Fig. 3. Segmentof thespatialdatabase.

...), color (rgb), width, local position, thickness,depth,mate-
rial (glass,wood, metal,...),height, referenceto the telephone
list, local height,a freeentry. This partcaneitherbegenerated
automaticallyfrom a floor planor by a ride of the robot in the
corridor. The corridor interconnectionsas well as the control
codesfor theelevatorandfire doorshave to beaddedby hand.
Additionalpartse.g. J OfficeKNMOMPM�J /OfficeK and J CodesKNMOMPM
J /CodesK describethedimensionsof officesandthecodesfor
openingthefire doorsor elevators.

Onemajorpoint is thatdifferentinternaldescriptionsaregen-
eratedon baseof thespatialdatabasee.g. VRML for 3D robot
tracking,2D floor plansfor gnuplotanda javaapplet.Thefloor
plansare also usedfor 2D tracking and simulationswhich is
importantfor thedesignof thebehavior modulesaswell asthe
predictionof thenearfuture.

I I I . THE FIVE LAYER SENSOR ARCHITECTURE

Figure4 shows the five layersof the architecture.The nav-
igation behaviors of the robotscanbe connectedto eachlayer
of thesensorarchitecture.Thelower layersaremainly usedfor
localnavigationandtheupperlayersfor globalplanningandthe
humanmachineinterface(HMI).

The data layer extractsthe raw data,e.g. up to 500 local dis-
tancevalues(vendorSchmersalor Sick) every 30 ms in the
rangefrom 0-180o [16], [17]. This layer hasto implementthe
physicalprotocolsfor the laserscanneraccordingto the tech-
nical description.Thepredefinedwarningandprotectionzones
areevaluated.Thesensorhashardwareconnectionsto themo-
tor. Thereforeahit within thezonesdirectlyinfluencesthespeed
withoutany calculation.Usuallyit is checkedfor asemi-circular
or rectangularzonewhethera point P(x, y) of thecurrentlaser
scanis situatedwithin this zone. Let n = numberof distance
values. Thenit canbe checked in O(n) by meansof a bit test
whetherthewarningor protectionfield is violated.Severaldif-
ferent or permanentlychangingwarningand protectionzones
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Fig. 4. Five layersensorarchitecturefor guidingservicerobotsin office envi-
ronments.

canalsobecheckedin O(n).
Besidesthe information “zone violated” or “zone free” the

lengthof anobstaclecanbemeasuredby theeuclidiandistance:T U
x2 V x1 W 2 X

U
y2 V y1 W 2 W . This distancecanalso be usedfor

speedreduction.For indoorenvironmentswe reducethe num-
berof distancevaluesof thelaserscannerfrom 500(12 Bit res-
olution) to 126. So the processingtime for a completescanis
60msyielding16 - 17scanspersecond.Thedistancevaluesof
thereflectionpointsandtherelatedanglesareconvertedto local
x, y coordinates.

On thelowestlevelsof themodelparticularlyrobustandreal
time capablealgorithmsare implemented. Other sensorsare
addedto this level.

The feature layer usesthe raw datato detectpolygons,local
orientationsof walls andrectangularobstacles[18]. Therefore,
the ROCO algorithm(RapidOrientationCalculationin Office
environments)is used. Real time featuredetectionalgorithms
baseduponthesensordataderivedfrom layerI haveto compute
several features.Herereal time meansin lessthan60 ms. For
exampletheorientationof wallsor thepositionof obstacleshas
to beextractedaspreciselyaspossible.

Thekey ideais thatcorridorsin office environmentsusually
are limited by oneor two walls (Figure5). The walls arenot
necessarilystraight,but canalsorun circularly. ¿Fromthepar-
allelismof thewalls it followsthatthedistancebetweenthetwo
walls is constant.This informationcanbeusedin orderto im-
plementa fastandparticularlyrobustalgorithm. The intention
is to calculatethewidth of a corridoror office from a laserscan
with horizontallyfacingpoints.For this two discretelists of in-
tegers,namedwall lef t andwallright arerequiredandhave to be
initializedwith suitablevalues.

The resolutionof the lists may be for example10 cm in y-
direction,so10meterscanberepresentedwith 100values.The
two lists areneededfor thecollectionof thesmallestor largest
x-valuesof thepointsP(xi Y yi), i Z 1 M[M n respectively. The index
of thelist correspondsto they coordinate.Theeffort for thisop-
erationis only O(n). Now, thetwo lists mainly containdiscrete
pointsof the right andleft walls. In the next stepfor eachlist
index (y-position)thedifferencebetweenwall lef t andwallright
is computedanda frequency distribution of the differencesis
calculated
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Themostfrequentdifferencecorrespondsto theaveragecor-
ridor width ḡb, i.e. to thedemandedwidth of thecorridor. It can
becomparedwith thevaluefor thewidth of thecorridor in the
world model. Thedoorframes(niches)form a local maximum
in thefrequency distribution. Theeffort atthispoint is still O(n),
becauseall operationsarecomputedin the main loop over the
laserscanpointsn.

By meansof the lists wall lef t andwallright andthe width of

the corridor ḡb it is possibleto calculatealso the orientation
of the two walls: Therefore,we searchfor the largestandthe
smallestlist entry(y-values),for whichthedifferenceof thetwo
horizontallist entriescorrespondsto thewidth of corridorḡb.

The figure shows also that in contrastto standardpolygon
fitting approacheslargerdistancesbetweenthe pointsymax and
ymin arefoundsincedoorframes,nichesandprotrusionsdo not
limit the fitting by ymax andymin. If the distancebetweenboth
pointsincreasesto morethanfivemeters,themaximalerrorde-
creasesto 0.6o andtheaverageerrorto 0.2o. Thus,this localori-
entationcanbe usedalsofor relocalizationof the autonomous
robots[19]. Thedistancebetweentheymaxandymin is alsoqual-
ity index for thecorrectnessof theorientation.If the raw laser
datais transformedwith orientationof the previous scanthen
thecalculationis againimproved.After thetransformationof x,
y coordinatesthewallsarerepresentedalmostvertically.

The local orientationof the robot is calculatedfrom the ori-
entationof the wall with 180o V orientationof wall. If f.i. the
mobile vehiclehasto drive in the centerof the corridor, then
a navigation orientationis calculatedfor the point P

UPU
xright V

xlef t WO\ 2 X xlef t Y ymaxW . Herexlef t Y xright arethe valuesfrom the
two listsWall lef t andWallright atymax.

Furtherinformationcanbegainedin asimplemannerwith the
ROCOalgorithm. This informationcanbeusefulfor the robot
navigation[20] e.g. if any deviationsfrom theaveragewidth of
the corridor occurwhile passingthroughthe two lists Wall lef t
andWallright , this indicatesniches,protrusions,endof corridor
or obstaclesin the passage.Niches,protrusionsand endsof
corridorsmaybeuseddirectlyasnaturallandmarksfor therobot
relocalizationby meansof the world model. If obstaclesare

200

400

600

0
Robot

HUMAN OBSTACLE!!!
at  4.1 meters

Avoid Dir.

Wall Dir.: 93.4

 93.8

Sensor Data

-200 0 200

0

200

400

600

-200 0 200

Avoiding Obstacle on left side 

Avoid Dir. 94.9

Sensor Data
Wall Dir.: 95.8

HUMAN OBSTACLE!!!
at  4.9 meters

Avoiding Obstacle on left side 

cm cm

cmcm

Fig. 6. Humanobstaclein thescan.

detectedanalternateorientationcanimmediatelybecalculated
from theknowledgeof thepositionof theright andleft gap(e.
g. throughthecenterof onegap)respectively. Thedistanceto
the obstacleis obtainedsimultaneouslyfrom the index of the
list entry(Y-coordinate),thusthewarningandprotectionzones
from theraw datalayerI canbeverified.

Knowing thesizeof theobstacletherobotcanestimatea hy-
pothesisaboutthe objectitself [21]. Humanobstacles(Fig. 6)
androbot obstacles(Fig. 5 left) differ obviously. An endof a
corridor or a closedfire door is an unavoidableobstacle(Fig.
5 right), so the ARIADNE robotsare led to the centerof the
corridor to passthefire doorsor to turn around.Otherwiseour
vehicleskeepto theright,whichis customaryfor Germany. This
meansthey havea distanceof 50 cmfrom thewall.1

The intermediate layer is the interfacebetweenthe datafrom
therealsensorsandthe informationfrom thevirtual sensorsof
the 2D model. Also differentfeaturesfrom differentsensorsa
combinedat this layer (sensorfusion). It containsboth, sym-
bolic andsub-symbolicinformation.Thesearecombinedusing
a fuzzy-matcher. Thereforethe featuresfrom layer II arecom-
paredwith 2D objectsof layer IV. Especiallyfor indoor envi-
ronmentsthenumberof importantobjectsis limited [21].

Themaintaskof reasoninglayer IV is planning[15]. We dis-
tinguishthreedifferentlevelsof planning.� At the highestlevel a large numberof jobs hasto be sched-
uledto thedifferentrobots.This NP-hardproblemis known as
thepickupanddeliveryproblemwith time windows(PDPTW).
We implementedanapproximationstrategy called“shortestre-
main” whichhasatimeconsumptionO(n*log n), n = 2*number
of jobs. The effort is independentform preemptive and non-
preemptive strategiesrespectively, i.e. strategieswhich canin-
terrupta currentjob or not. The topologicalpart of the world
modeltogetherwith estimatedtime values,e.g. waiting for an
elevator, is thebasefor thecalculationof agoodrobotpath.� At the next level one selectedjob, which consistsof two

1At http://lamu.gmd.de:8080/robobld several examples of laser scansare
recordedwhile therobotsnavigatedthroughourcorridors.Thefeaturedetection
is alsoincluded.



Fig. 7. 2D-robotpositiontracker

Fig. 8. 3D view of therobotwhile driving throughthebuilding.

events(startpoint, endpoint), hasto beplanned.A graphlati-
tudesearchof thetopologicalpartof theworld modelgenerates
the path in O(n), n = numberof corridors. This graphsearch
is known in the literature as the standardplanning approach
(globalor wideareaplanning).� At thelowestlevel a list of actionsandcodes,e.g.for opening
adoor, is generatedfor eachcorridoronthebaseof thegeomet-
ric descriptionof the corridor in the world model. The effort
dependsuponthenumberof objectsin acorridorwhichusually
is equalto thenumberof office doors.This typeof planningis
known aslocalplanning.

The interconnectionbetweenthe global/localplanningandthe
fuzzy navigator is doneby fuzzy statevariables[22]. A fuzzy
statevariableexpressesa navigation advicein a corridor. The
variablesarefuzzy becausethey expressthestrengthof thead-
vice.

Thevisualization layer V is importantfor the interactionwith
users(humanmachineinterface)andfor thedesignandmainte-
nanceof therobotsby skilledoperators.Thereforea2D and3D
representationis generatedfrom theworld model(Fig. 8 and7)

The 2D representationof the building, e.g. asgnuplotdata,
is usedfor simulationanddesignof therobotbehaviors. In ad-
dition to the representationdata,an apacheweb server and a
java appletimplementaninterfacefor apositiontrackingof the
robotsin theWWW. The3D representation(VRML) is usedfor

amorerealisticpositiontracking,for tele-operatingtherobotsin
caseof unforeseensituationsandfor overcomingsystemerrors
[12]. A VRML browserwith EAI interface(e.g.cosmoplayer)
visualizesthe behavior of the robotsandincreasestherebythe
userfriendlinessof thesystem.An administratorcancheckthis
representationandthelive camerapicturesto detect,whethera
robotreachesa critical area,e.g.anareacrowdedby personsor
anareaof constructionwork.

IV. RESULTS

The conceptwas implementedand testedwith the robots
of the ARIADNE team. The three robots drive in the
GMD-ROBOBENCH,a testenvironmentof 3 floorsconnected
throughan elevator - at SchlossBirlinghoven, GMD. The test
datawas collectedduring a 7 day demonstrationat the CeBit
(HannoverFair) andduringvarioustestsat theGMD.

In layerI adatarateof 16-17Hz (60ms,126distancevalues)
is achieved. The processingof onescantakes2 ms, including
thereliability andzonetests.

In thefeatureextractionlayerII theorientationsandpositions
of obstaclesweregeneratedwith a datarateof 200Hz, sothey
areonly limited by layer I. Theaveragelengthof a line which
canbe usedto calculatethe orientationin our environmentat
GMD is 5 m andtherobustnessof thefeatureextractionvaries
from 92.8%- 98.7%.Theaccuracy of a detectedfeaturesis up
to 10 cm. Therecognitiontime for morecomplex featurese.g.
doorsis includedin theROCO algorithmandneedsno further
computationtime.

Therelocalizationof therobot is updatedevery drivenmeter
only if no contradictinginformationwasgenerated.The posi-
tion is alwaysexactup to 15 centimeters.The accuracy of the
wheelencodersis 5 cm on a 30 m corridor. The3D-modeland
any informationin level V areonly computedon demand.The
positionupdatein the3D modelis limited by theInternetaccess.
Thedefault is 1 hz.

V. CONCLUSION

In this paperwe have presenteda multi layer sensorarchi-
tecturefor autonomousmobileservicerobotsin indoorenviron-
ments.The layerarchitectureintegratesmodulesof averageor
limited intelligenceanda spatialdatabasefor indoor environ-
ments.Theworld modelaswell astheevaluationmodulesof the
sensordataarebasedon naturallandmarksandcouldbeevalu-
atedin real-time.Therobotsgetall neededdataatdifferentlev-
elsof abstractionat thedifferentlayers.Accordingto thesensor
layersdifferentlevelsof controlaswell asdifferenttypesof data
exchangearerealizedin orderto meetreal-timeconstraints.The
key featuresof thesensorarchitecturearereuseability, modular-
ity andportability to othermultistory buildings aswell as the
extendibility with differentsensors(sensorfusion).

Theconcepthasbeenvalidatedduringvarioustestsat GMD
usingthethreerobotsof theARIADNE team.Futurework will
improvethelong termrobustnessof thetotal system.
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