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ABSTRACT

The useof humangesturesfor interactingwith robot
systemsin domesticenvironmentsis investigated.Spe-
cial attentionis payedto the recognitionof the user’s
intent behinda gesturalaction. The main advantage
of our approachis thatthehuman’smovementtogether
with valuableinformationextractedform aspatialscene
representationis directlyconsideredwhile trying to un-
cover the intentionbehinda human’s gesture. To un-
cover the intentionof dynamichumangestureswe are
using0 densityhiddenMarkov models.As application
example,instructingadomesticservicerobotis consid-
ered.An eventdrivencontrolarchitecturepermitseasy
context switchingandmeetsthedemandsof aninterac-
tive robotassistant.

Keywords: intuitive robot programming, gesture
recognition,spatialmodeling,domesticservicerobot.

1 INTRODUCTION

Housekeepingrobotsfocus on the employmentof as-
sistantsystemsin everydaydomesticsettings. There
aredifferentmotivating factorsfor the employmentof
robotsat home. On the onehand,comfort factorsand
a changingsocietalsituationfavor the employmentof
artificial personnel.On the other hand,an increasing
numberof householdsincludeinhabitantsthat require
physicalsupportin everydaylife dueto sicknessor age.
In this domain, robot systemswill cooperatedirectly
with people,attachingcentralimportanceto rendering
interactionsbetweenpeopleandmachinesasnaturalas
possible.

A domesticservicerobot should cooperatewith and
supportthehumanuser, for examplein fetch-and-carry
dutiesandtaskssuchassetting,clearing,andcleaninga
table.At theFAW Ulm, we developedtheCleaningAs-
sistant, a prototypeof a servicerobot (seeFigure 1)
whichis ableto performthesetasks.In Section2 of this
article, designand sensorsetupof the cleaningassis-
tantarepresented.Therobotsystemalreadypossesses
a sufficient baseof high-level andspecializedskills to
avoid expendableandtediousinstructingandprogram-

ming of rudimentaryskills. Consideringfor example
the task of cleaningseveral surfacesin a kitchen, it
shouldbe sufficient to show the robot which surfaces
it hasto cleanandnot to teachthewholecleaningtra-
jectory. While themainpurposeof interactionwith the
robot assistantsystemis the commandingand teach-
ing of the robot, it also offers interestingpossibilities
to increasethe performanceof the entiresystem. Ac-
cording to our conviction, naturalinstruction,interac-
tion and programmingof robotswill play a decisive
role in the enteringof suchsystemsin homeenviron-
ments. Thereforewe decidedto usetechniquesbased
onhumangestures(seeSection3.2and3.3),compliant
motion (see[1] andFigure2), and(optionally) speech
recognition. They can be expectedto be naturaland
convenient.

During the last yearsgreatefforts have beenmadeto
makehumangesturerecognitionpossibleandfairly ro-
bust. Seee.g. [2] for a review of work donein visual
recognitionof handgestures.In our work, specialat-
tention is payedto the recognitionof the user’s intent
behind a gesturalaction (seeSection3). The main
advantageof our approachis that the human’s move-
menttogetherwith valuableinformationextractedform
a spatialrepresentationof the online monitoredscene
is directlyconsideredwhile trying to uncovertheinten-
tion behindahuman’sgesture.Finally, theeventdriven
softwarecontrol architecturewhich permitseasycon-
text switchingandmeetsthedemandsof aninteractive
robotassistantis introducedin Section4.

2 DESIGN OF THE CLEANINGASSISTANT

The CleaningAssistantis shown in Figure 1 andcon-
sistsof amobilebaseandanattachedmanipulator. The
manipulatorjoints aswell asthedifferentialdrive sys-
tem for the mobile baseare built from modulardrive
components.The7DOFmanipulatoris basedonaver-
tical linearaxisusedto enhancetheverticalworkspace
of the system. Next a SCARA-like chain of revolute
jointsaremountedon thelinearaxis.An additionalde-
greeof freedomis usedto switchbetweenthehorizon-
tal andverticalarrangementof theSCARA-like chain.



Figure1: CleaningAssistant: A domesticservicerobot
developedat theFAW Ulm.

Figure2: Compliantmotion: directingtheend-effector.

Intermediateconfigurationsarealsoallowed. The ad-
vantageof this arrangementis that it allows to benefit
from the horizontallymountedchain(low energy con-
sumptionandhigh dynamicsfor horizontalarmmove-
ments)without beinglimited to horizontalmovements
only. Theend-effectoris eithera two-fingergripperor
a specialend-effector, e.g.for cleaningnon-textile sur-
faceslike working placesin kitchensor sinks. A dis-
cussionof the kinematicstogetherwith a solution for
theinversekinematicproblemcanbefoundin [3].

Sensoryfeedbackis provided by (a) a new kind of
compliant force-torque-sensor, developedat the Ger-
man AerospaceCenter(DLR), and mountedbetween
thewrist andtheend-effectorof themanipulator, (b) a
2D range laser-scannerbeing used for position esti-
mation as well as for obstacledetectionand avoid-
ancewhile navigating themobilebase,(c) a trinocular
stereo-visionsystemfor gestureandobjectrecognition
and localization,(d) a magneticfield tracking system
for capturingmovementsof thehuman’s forearm,back
of thehand,forefinger, andthumbduringtheexecution
of dynamicgestures,and (e) a touch-screenfor addi-
tional intuitive input,e.g.for thequalitativepathspeci-
ficationwhencommandinga motionof thebaseor for
objectselectionin adisplayedscenerepresentation.

3 INTUITIVE GESTURE INTERFACE

The are two alternative gesturerecognition methods
employed on the CleaningAssistant: onemethoduses
the stereovision systemandis ableto capturea setof
static handand arm gestures.This methodis conve-
nient,sinceno sensorsetuphasto beworn by theuser.
However, low imageanalysisratesand limited track-
ing accuracy of this vision-basedsystemdo not allow
to usethis sensorsetupfor dynamicgesturerecogni-
tion. Thereforeamagneticfield trackingsystemis used
for capturingmovementsof thehuman’s forearm,back
of thehand,forefingerandthumbduringtheexecution
of dynamicgestures.

In bothmethods,therecognitionof theuser’s intentbe-
hindagesturalactionis supportedby theusageof aspa-
tial representationof the actualmonitoredscene.Sec-
tion 3.1givesadescriptionof ourapproachto getonline
informationaboutthe objectdistribution andtopology
in the currentscene.The recognitionsystemcontains
an offline generated3D environmentmodelconsisting
of thestationaryfurnishingandfloor plans.Suchenvi-
ronmentmodelsmaybegeneratedsemi-automatically,
for examplesee[4] for aawayof 3D modelgeneration
from a realsceneusingavisuallaserradar.

3.1 Online SceneAnalysis

The purposeof the online sceneanalysisis to detect
thoseobjects that are not yet containedin the envi-
ronmentmodel. Our sceneanalysisprocedurestarts
with a segmentationof thesceneinto elementaryparts.
A stereocameraprovidescolor andrangeinformation



bothof whichareusedfor figure-groundseparation.El-
ementarypartsarerequiredto becompactin spaceand
separatedfrom eachother. Sincewe areusingdispar-
ity information,objectshave to have a certaintexture.
To computedisparityinformation,correspondingpixels
arecomputedby maximizationof correlationsof thelo-
cal gradientwithin a local window. Theestimateddis-
parity is validatedby analyzingthe local texture, the
uniquenessof the correlationvalueandwhetheradja-
centpixels have closedisparity. Finally the modelof
the calibratedcamerais usedto computepositionsof
all imagepixelsin the3D workspace.

ObjectLocalization

To locateobjectsand to supportgeometry-basedob-
ject recognitionseveral geometricalfeaturesarecom-
putedfrom rangeinformation. The object’s extent is
describedby thethreedimensionalboundingboxof the
object.To characterizetheobject’slocationgeometrical
featuresarefitted to top down projectionsof all points
which areassignedto theobject.

ObjectClassification

Basedon geometryinformationandcolor distribution
parts of the sceneare recognizedas known objects.
The estimatedgeometryhasto matchpredefinedval-
ueswhich arespecifiedwith someuncertainty. To dis-
tinguish betweenobjectswith a similar geometrythe
color distribution is considered.Thecolor of anobject
is representedby a two-dimensionalhistogramof hue
andsaturationvaluesof all pixelswhichareassignedto
theobject. Theestimatedcolor histogramis compared
to histogramscomputedfrom imagesof known objects.
Theobjectis finally assignedto theclasswith thebest
matchinghistogram.

3.2 Static GestureRecognition

Peopleusedeicticgesturesto referenceobjectsor areas
in the environmentwherecertainactionshave to take
place.To interactwith a roboticsystemwe mainly use
pointing gesturesto expressour intention. Onceges-
turesaredetectedtheir interpretationis performedde-
pendingon thetaskandspatialcontext.

HandDetection

To detectpointinggesturesof auserwesearchskincol-
oredregionsof the requiredshape,computethe point-
ing directionandevaluatewhetherthegestureis static.
Thedetectionof theuser’s handstartswith a 3D scene
segmentation. Region growing in the 3D workspace
providesa setof connectedcomponents.A skin color
validationprocedureis appliedto eachof theseregions.
Skin color is definedby a color histogram[5], which is
computedfrom someskin color training images. The
numberof skin color pixels is countedfor eachcandi-
dateregion. If thisnumberexceedsapredefinedthresh-
old thepositionof theskin region is computed.A sub-
sequent3D segmentationbasedonasimplegeometrical
handmodelprovidesthehandregion. After ashapeval-
idationwe choosethe closestdetectedhandregion for

Figure3: Indicatingtheobjectthatis to becleaned.

furtherprocessing.

PointingDirection

To estimatethe pointing direction a line in the three-
dimensionalworkspaceis fittedto all pointswhichwere
assignedto thathandregion. This line is usedasanes-
timateof thethepointingdirectionandto normalizethe
orientationof the handto get a viewpoint independent
descriptionof thehand.

GestureClassification

This viewpoint independentdescriptionof the hand
region is classifiedby comparisonof orientationhis-
togramsagainsta setof predefinedhandgesture.We
have chosena setof six differentstaticgestures(point-
ing, stop, up, down, star andfist) to interactwith the
robot(see[6]).

StaticPointingGestures

A staticpointing gesturecannot be recognizedbased
only on handshape,as the shapeis the sameas for
transient(dynamic)pointing gestures.To be valid the
posturehasto be static, the pointing direction should
not change.Thereforewe verify thepointingdirection
of subsequentlydetectedgestures.If thedirectiondoes
not move for a certainamountof time the pointing is
valid.

As anexample,Figure3 showsoneof theauthorscom-
mandingthe robot to clean the table by meansof a
pointing gestureduring a demonstrationof the system
at theHanover fair.

3.3 Dynamic GestureRecognition

In contrastto thecommonmethodof repeatedrecogni-
tion, classification,andrecordingof staticgesturesover
timewearenot interestedin thegestureclassificationat
every discretetime step. Instead,a dynamicgestureis
characterizedby a spatiotemporalsequenceof features
resultingfrom a human’shand’smovement.Thesefea-
turesaretwofold andcanbesubdividedinto

(a) featuresderived only from the movementof the
handandothertrackedextremities.Sofar, wecon-



(b)

(c)

(a)

Figure4: Projectionsontosceneobjectsresultingfrom
human’shandmovements.

siderthehand,forefinger, thumbandforearmpo-
sitionandorientation.

(b) featuresderivedfromthespatialcontext, for exam-
ple objectsor regionsin theenvironmentthefore-
finger is currentlypointingat,which areextracted
from the geometricmodelof the environmentus-
ing methodsfrom computergraphics[7].

Basedon this spatiotemporalfeaturesequenceour aim
is to find the intention of the human’s overall move-
mentwithin the given spatialcontext. To uncover the
intentionof thehuman’s movementproducingthespa-
tiotemporalfeaturesequencewe areusingcontinuous
densityhiddenMarkov models(HMM). A tutorial on
hidden Markov modelswith selectedapplicationsto
speechrecognitioncanbe found in [8]. The elegance
andpowerof theHMM framework is thatgivenasetof
trainingexamplescorrespondingto a particularmodel,
the parametersof the model can be determinedauto-
maticallyby a robustandefficient re-estimationproce-
dure. Thus,provided that a sufficient numberof rep-
resentative examplesof eachgesturewas collected,a
HMM canbe constructedwhich implicitly modelsall
of the many sourcesof variability inherentto human
gestureexecution.Theuseof HMMs for (isolated)ges-
turerecognitioncanbesummarizedasfollows: Firstly,
aHMM is trainedfor eachisolatedgestureusinganum-
berof examplesfor thatgesture.Secondly, to recognize
someunknown gesture,thelikelihoodof eachmodelto
generatethat gestureis calculatedandthe most likely
modelidentifiesthegesture.Differentto thewayHMM
areusedin mostapplications,ourHMM topologyis not
strictly what can be summarizedas left-right models,

sincea lot of isolatedsub-gesturesarecyclic or canbe
performedin differentways.

Figure4 shows anexampleof a scenewith projections
ontosceneobjectsresultingfromahuman’shandmove-
mentsduringainstructionrun. Heretheintentionof the
humanis to instruct the robot to (a) cleanthe whole
blackboardwith circular motion primitives, (b) clean
the tablessurfaceusingparallelpathsmovementsand
wipealongthetable’soutsidemargin, and(c) show the
robotaplacein arackwhereit hasto putdown objects.

Anotheradvantageof usingHMM is that their tempo-
ral segmentation(given throughthe resultinginternal
statesequenceof a successfulrecognitionrun) canbe
usedfor robust parameterextractionfrom the gesture.
For exampleconsidertheparallelpathmovementsfrom
theabove example:herethe temporalsequenceis seg-
mentedinto left turns, straight line movementsandright
turns. Consideringonly thestraightline movementsthe
parameterspreferencedirection and desired displace-
mentfor the parameterizationof the cleaningskill are
extractedform thenoisyhumangestureexecution.

4 SOFTWARE ARCHITECTURE

TheCleaningAssistanthasasetof basicskills at its dis-
posalthatareprovidedby asetof serversoftwarecom-
ponents.Thepurposeof thecontrolcomponentis to put
eachof theserversinto a modeof activity accordingto
thecurrentoverall taskcontext aswell asto providethe
active serverswith the informationthey currentlyneed
to accomplishtheir tasks.

SmartSoftServerComponents

The server componentsof the robot assistantare im-
plementedin C++ usingthe SmartSoftframework [9]
which providesclassesfor multi-threadedserver com-
ponentsaswell ascommunicationpatternsfor the in-
teractionbetweencomponentson thesameandon dif-
ferent levelsof the control architecture.SmartSoftof-
fersthefollowingpatterns:acommandor querymaybe
sentto aserverwith or withoutstatusinformationto be
sentback. The updatepatternsprovidesa server push
mechanismto senddatato interestedclients.Eventsare
emittedby serversandreceivedby any client that indi-
catedits interest.Themodeof activity of a servercom-
ponentis controlledby settingits configuration. Com-
mand,query, andupdatepatternsaremostly usedbe-
tweencomponentson the samelevel of the controlhi-
erarchy, eventandconfigurationpatternsbeingusedbe-
tweendifferentlevels.

Hierarchical Finite StateMachines

The overall architectureof the control componentis a
hierarchicalfinite statemachine. HierarchicalFSMs
aredefinedrecursively, the abstractclassrepresenting
statesof an FSM beinga baseclassfor the classrep-
resentingFSMs. This conformsto the compositede-
signpattern[10] andallows to useFSMsascomposite
statesin super-ordinateFSMswherethey play the role



of subroutines.This helpsto reducethecomplexity of
the descriptionwith which the humandesignerof the
controlcomponentis confronted,whichweconsideran
importantaspectof thisapproach.

Symbol dispatchingdiffers from conventional FSMs
wherethereis only onelevel of states.Here,the cur-
rent input symbol � is first passedto the mostspecific
state� of thestatemachine.(Themostspecificstateof
anFSMis themostspecificstateof its currentstate,and
themostspecificstateof astateis thestateitself.) If � is
ableto handle� , theinputsymbolis consumedanddis-
patchingterminates.Otherwise,� is recursively passed
upto theFSMcontaining� (which is againastatein an
objectorientedsense).Finally, recursionterminatesat
thetop-level FSM.Notethatonly thefirst stateencoun-
teredduringthis recursiveascendreally is astatewhich
mayhandlethesymbolby performingsomeaction,i.e.
sendingcommandsto theservers.Otherstatesencoun-
teredduring ascendare in fact FSMs which possibly
handleandtherebyconsumethesymbolby performing
a statetransition.

CommunicationbetweenServersandControl

A stateof an FSM assignsto eachSmartSoftserver
componenta specificmodeof activity. Additionally,
eachstateof theFSMdefineswhicheventsfrom Smart-
Soft server modulesareof interestto it andare to be
activatedonenteringanddeactivatedonleaving respec-
tively. Eventsfrom server componentsareturnedinto
symbolsandpassedto theFSM for furtherdispatching
asdescribedabove.

An FSM statemayuseany of theremainingSmartSoft
patternsto communicatewith the server components
whenever a symbolarrivesat that stateor that stateis
to be enteredor left. Commandswithout answerare
simply sentto the server without any further process-
ing needed.Whencommandswith statusinformation
or queriesare sent to a server, the respective answer
will beturnedinto a symbolandpassedto theFSM for
dispatching.Server pusheddatais not fed directly into
the FSM, but the latestdatais alwaysaccessiblefrom
handlermethodswithoutwaiting.

This organizationof communicationandconfiguration
allows to build a mostly non-modalsystem: the user
maydecideatany timetochangetoanothermajormode
or task,evenif thecurrentsubtaskis not yet finished.

5 CONCLUSION

In thispaperwepresentedthedesignandarchitectureof
a researchprototypefor a domesticservicerobot. Em-
phasishasbeenplacedongesturerecognitionasmeans
for interactionbetweenthe userand the system. The
majorcontribution is theemploymentof spatialcontext
knowledgefor the interpretationof humans’gestures.
The presentedsystemhasbeenexhibited andsuccess-
fully demonstratedto thegeneralpublicat theHanover
industryfair in April 2002.
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