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ABSTRACT

The useof humangesturedor interactingwith robot

systemsn domesticervironmentds investigated Spe-
cial attentionis payedto the recognitionof the users

intent behind a gesturalaction. The main advantage
of our approachs thatthe humans movementtogether
with valuableinformationextractedform aspatialscene
representatiors directly consideredvhile trying to un-

cover the intention behinda humans gesture. To un-

cover the intentionof dynamichumangesturesve are

using0 densityhiddenMarkov models.As application
example,instructingadomesticservicerobotis consid-
ered.An eventdrivencontrolarchitecturgpermitseasy
contet switchingandmeetshe demandsf aninterac-
tive robotassistant.

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

1 INTRODUCTION

Houseleepingrobotsfocus on the employment of as-
sistantsystemsin everyday domesticsettings. There
aredifferentmotivating factorsfor the employmentof

robotsat home. On the one hand,comfort factorsand
a changingsocietalsituationfavor the employment of

artificial personnel. On the other hand, an increasing
numberof householdsncludeinhabitantsthat require
physicalsupportin everydaylife dueto sicknessr age.
In this domain, robot systemswill cooperatedirectly

with people,attachingcentralimportanceto rendering
interactionsdbetweerpeopleandmachinesasnaturalas
possible.

A domesticservicerobot should cooperatewith and
supportthe humanuser for examplein fetch-and-carry
dutiesandtaskssuchassetting,clearing,andcleaninga
table. At the FAW Ulm, we developedthe CleaningAs-
sistant a prototypeof a servicerobot (seeFigure 1)
whichis ableto performthesetasks.In Section2 of this
article, designand sensorsetupof the cleaningassis-
tantarepresentedTherobotsystemalreadypossesses
a sufficient baseof high-level and specializedskills 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 teachthe whole cleaningtra-

jectory. While the main purposeof interactionwith the
robot assistansystemis the commandingand teach-
ing of the robot, it also offers interestingpossibilities
to increasethe performanceof the entire system. Ac-

cording to our corviction, naturalinstruction,interac-
tion and programmingof robotswill play a decisve

role in the enteringof suchsystemsn homeerviron-

ments. Thereforewe decidedto usetechniquesdased
on humangesturegseeSection3.2and3.3),compliant
motion (see[1] andFigure 2), and (optionally) speech
recognition. They canbe expectedto be naturaland
cornvenient.

During the last yearsgreatefforts have beenmadeto

make humangesturerecognitionpossibleandfairly ro-

bust. Seee.g.[2] for areview of work donein visual

recognitionof handgestures.In our work, specialat-

tentionis payedto the recognitionof the users intent
behind a gesturalaction (see Section3). The main

advantageof our approachis that the humans move-

menttogethemwith valuableinformationextractedform

a spatialrepresentatiomf the online monitoredscene
is directly consideredvhile trying to uncovertheinten-

tion behindahumans gesture Finally, theeventdriven

software control architecturewhich permitseasycon-

text switchingandmeetsthe demandf aninteractve

robotassistanis introducedn Sectior4.

2 DESIGN OF THE CLEANINGASSISTANT

The CleaningAssistants shovn in Figure 1 and con-
sistsof amobile baseandanattachednanipulator The
manipulatorjoints aswell asthe differentialdrive sys-
tem for the mobile baseare built from modulardrive
componentsThe 7 DOF manipulatoris basecnaver-
tical linearaxisusedto enhancehe verticalworkspace
of the system. Next a SCARA-like chain of revolute
joints aremountedon thelinearaxis. An additionalde-
greeof freedomis usedto switchbetweerthe horizon-
tal andverticalarrangementf the SCARA-like chain.



Figurel: CleaningAssistantA domesticservicerobot
developedatthe FAW Ulm.

Figure2: Compliantmotion: directingtheend-efector.

Intermediateconfigurationsare also allowed. The ad-

vantageof this arrangemenits thatit allows to benefit
from the horizontally mountedchain(low enegy con-

sumptionandhigh dynamicsfor horizontalarm move-

ments)without beinglimited to horizontalmovements
only. The end-efectoris eithera two-fingergripperor

a specialend-efector, e.g.for cleaningnon-textile sur

faceslike working placesin kitchensor sinks. A dis-

cussionof the kinematicstogetherwith a solutionfor

theinversekinematicproblemcanbefoundin [3].

Sensoryfeedbackis provided by (a) a new kind of

compliantforce-torque-senspidevelopedat the Ger

man AerospaceCenter(DLR), and mountedbetween
the wrist andthe end-efectorof the manipulatoy (b) a
2D rangelaserscannerbeing usedfor position esti-
mation as well as for obstacledetectionand avoid-

ancewhile navigating the mobile base (c) a trinocular
stereo-visiorsystenfor gestureandobjectrecognition
and localization, (d) a magneticfield tracking system
for capturingmovementof the humans forearm,back
of thehand,forefinger andthumbduringthe execution
of dynamicgesturesand (e) a touch-screerfor addi-

tionalintuitive input, e.g.for the qualitatve pathspeci-
ficationwhencommandinga motion of the baseor for

objectselectionn adisplayedscenerepresentation.

3 INTUITIVE GESTUREINTERFACE

The are two alternatve gesturerecognition methods
employed on the CleaningAssistantone methoduses
the stereovision systemandis ableto capturea setof

static hand and arm gestures. This methodis corve-

nient, sinceno sensoisetuphasto be worn by theuser

However, low image analysisratesand limited track-

ing accurag of this vision-basedsystemdo not allow

to usethis sensorsetupfor dynamicgesturerecogni-
tion. Thereforea magnetidield trackingsystenis used
for capturingmovementsof the humans forearm,back
of the hand,forefingerandthumbduringthe execution
of dynamicgestures.

In bothmethodstherecognitionof theusersintentbe-
hindagesturahctionis supportedy theusageof aspa-
tial representationf the actualmonitoredscene.Sec-
tion 3.1givesadescriptiorof ourapproacho getonline
informationaboutthe objectdistribution andtopology
in the currentscene. The recognitionsystemcontains
an offline generate@D ervironmentmodel consisting
of the stationaryfurnishingandfloor plans. Suchenvi-
ronmentmodelsmay be generatedemi-automatically
for examplesee[4] for aaway of 3D modelgeneration
from arealsceneusingavisuallaserradar

3.1 Online SceneAnalysis

The purposeof the online sceneanalysisis to detect
those objectsthat are not yet containedin the envi-

ronmentmodel. Our sceneanalysisprocedurestarts
with a sggmentatiorof the scendnto elementaryparts.
A stereocameraprovidescolor andrangeinformation



bothof whichareusedfor figure-groundseparationEl-
ementarypartsarerequiredto be compacin spaceand
separatedrom eachother Sincewe are usingdispar
ity information, objectshave to have a certaintexture.
To computedisparityinformation,correspondingixels
arecomputedby maximizationof correlationf thelo-
cal gradientwithin alocalwindow. The estimateddis-
parity is validatedby analyzingthe local texture, the
uniguenes®f the correlationvalue and whetheradja-
centpixels have closedisparity Finally the model of
the calibratedcamerais usedto computepositionsof
all imagepixelsin the 3D workspace.

ObjectLocalization

To locate objectsand to supportgeometry-baseab-

ject recognitionseveral geometricalfeaturesare com-

putedfrom rangeinformation. The object’s extent is

describedy thethreedimensionaboundingboxof the
object.To characteriz¢heobjectslocationgeometrical
featuresarefitted to top down projectionsof all points
which areassignedo the object.

ObjectClassification

Basedon geometryinformation and color 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.The color of an object
is representedby a two-dimensionahistogramof hue
andsaturationvaluesof all pixelswhich areassignedo

the object. The estimateccolor histogramis compared
to histogramsomputedrom imagesof known objects.
The objectis finally assignedo the classwith the best
matchinghistogram.

3.2 Static Gesture Recognition

Peopleusedeicticgestureso referenceobjectsor areas
in the ervironmentwherecertainactionshave to take

place.To interactwith a robotic systemwe mainly use
pointing gesturego expressour intention. Onceges-
turesare detectedheir interpretationis performedde-

pendingon thetaskandspatialcontext.

Hand Detection

To detectpointinggesture®f auserwe searchskin col-
oredregionsof the requiredshape computethe point-
ing directionandevaluatewhetherthe gestures static.
The detectionof the users handstartswith a 3D scene
segmentation. Region growing in the 3D workspace
providesa setof connecteccomponents A skin color
validationproceduras appliedto eachof theseregions.
Skin color is definedby a color histogram{5], whichis
computedfrom someskin color training images. The
numberof skin color pixelsis countedfor eachcandi-
dateregion. If thisnumberexceedsapredefinedhresh-
old the positionof the skin region is computed.A sub-
sequenB8D sggmentatiorbasednasimplegeometrical
handmodelprovidesthehandregion. After ashapeval-
idation we choosethe closestdetectechandregion for

Figure3: Indicatingthe objectthatis to be cleaned.

furtherprocessing.

Pointing Direction

To estimatethe pointing directiona line in the three-
dimensionaivorkspacas fittedto all pointswhichwere
assignedo thathandregion. Thisline is usedasanes-
timateof thethepointingdirectionandto normalizethe
orientationof the handto geta viewpoint independent
descriptionof thehand.

Gestue Classification

This viewpoint independentdescriptionof the hand
region is classifiedby comparisonof orientationhis-
togramsagainsta setof predefinechandgesture. We
have chosera setof six differentstaticgesturegpoint-
ing, stop up, down star andfist) to interactwith the
robot(se€[6]).

StaticPointing Gestues

A static pointing gesturecan not be recognizedbased
only on hand shape,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 the pointing direction
of subsequentlgetectedjestureslf thedirectiondoes
not move for a certainamountof time the pointing is

valid.

As anexample,Figure3 shows oneof theauthorscom-
mandingthe robot to clean the table by meansof a
pointing gestureduring a demonstratiorof the system
attheHanoverfair.

3.3 Dynamic Gesture Recognition

In contrasto the commonmethodof repeatedecogni-
tion, classificationandrecordingof staticgesturesver
timewe arenotinterestedn thegestureclassificatiorat
every discretetime step. Instead,a dynamicgestureis
characterizedby a spatiotemporasequencef features
resultingfrom ahumans hands movement. Thesefea-
turesaretwofold andcanbe subdvidedinto

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



Figure4: Projectionsonto sceneobjectsresultingfrom
humanshandmovements.

siderthe hand,forefinger thumbandforearmpo-
sition andorientation.

(b) featureslerivedfrom thespatialcontext, for exam-
ple objectsor regionsin the environmentthe fore-
fingeris currentlypointing at, which areextracted
from the geometricmodelof the ervironmentus-
ing methodsfrom computergraphicq7].

Basedon this spatiotemporafeaturesequenceur aim
is to find the intention of the humans overall move-
mentwithin the given spatialcontext. To uncover the
intentionof the humans movementproducingthe spa-
tiotemporalfeaturesequencave are using continuous
density hiddenMarkov models(HMM). A tutorial on
hidden Markov modelswith selectedapplicationsto
speechrecognitioncanbe foundin [8]. The elegance
andpower of theHMM framawork is thatgivena setof
training examplescorrespondindo a particularmodel,
the parameterof the model can be determinedauto-
matically by a robustandefficient re-estimatiorproce-
dure. Thus, provided that a sufficient numberof rep-
resentatie examplesof eachgesturewas collected,a
HMM can be constructedvhich implicitly modelsall
of the mary sourcesof variability inherentto human
gesturexecution.Theuseof HMMs for (isolated)ges-
turerecognitioncanbe summarizedsfollows: Firstly,
aHMM istrainedfor eachisolatedgesturaisinganum-
berof exampledor thatgesture Secondlyto recognize
someunknavn gesturethelik elihoodof eachmodelto
generatethat gestureis calculatedandthe mostlikely
modelidentifiesthegesture Differentto theway HMM
areusedin mostapplicationspurHMM topologyis not
strictly what can be summarizedas left-right models,

sincea lot of isolatedsub-gesturearecyclic or canbe
performedn differentways.

Figure4 showvs anexampleof a scenewith projections
ontoscenebjectsresultingfrom ahumanshandmove-
mentsduringainstructionrun. Heretheintentionof the
humanis to instruct the robot to (a) cleanthe whole
blackboardwith circular motion primitives, (b) clean
the tablessurfaceusing parallel pathsmovementsand
wipe alongthetable’s outsidemargin, and(c) show the
robotaplacein arackwhereit hasto putdown objects.

Anotheradvantageof usingHMM is that their tempo-
ral sggmentation(given throughthe resultinginternal
statesequencef a successfutecognitionrun) canbe

usedfor robust parameteextractionfrom the gesture.
For exampleconsidetheparallelpathmovementfrom

the above example: herethe temporalsequencés sey-

mentednto leftturns straightline movementsndright

turns. Consideringonly thestraightline movementghe

parametergpreferencedirection and desiied displace-
mentfor the parameterizatiomf the cleaningskill are
extractedform the noisy humangestureexecution.

4 SOFTWARE ARCHITECTURE

TheCleaningAssistartiasa setof basicskills atits dis-
posalthatareprovidedby a setof sener softwarecom-
ponentsThepurposeof thecontrolcomponents to put
eachof the senersinto amodeof actiity accordingto
thecurrentoveralltaskcontect aswell asto provide the
active senerswith the informationthey currentlyneed
to accomplishtheir tasks.

SmartSofServerComponents

The sener componentof the robot assistantare im-

plementedn C++ usingthe SmartSoftframework [9]

which providesclassedor multi-threadedsener com-
ponentsas well ascommunicationpatternsfor the in-

teractionbetweencomponent®n the sameandon dif-

ferentlevels of the control architecture.SmartSoftof-

fersthefollowing patternsacommandr querymaybe
sentto asenerwith or without statusnformationto be
sentback. The updatepatternsprovidesa sener push
mechanisnto senddatato interesteclients. Eventsare
emittedby senersandreceivedby ary clientthatindi-

catedits interest. Themodeof actiity of a senercom-
ponentis controlledby settingits configuiation. Com-
mand,query, and updatepatternsare mostly usedbe-
tweencomponent®n the samelevel of the control hi-

erarchyeventandconfiguratiorpatterndeingusedbe-
tweendifferentlevels.

Hierarchical Finite StateMachines

The overall architectureof the control componenis a
hierarchicalfinite statemachine. HierarchicalFSMs
are definedrecursvely, the abstractclassrepresenting
statesof an FSM being a baseclassfor the classrep-
resentingFSMs. This conformsto the compositede-
signpattern[10] andallows to useFSMsascomposite
statesin superordinateFSMswherethey play therole



of subroutines.This helpsto reducethe compleity of
the descriptionwith which the humandesignerof the
controlcomponents confrontedwhich we consideran
importantaspecbf thisapproach.

Symbol dispatchingdiffers from corventional FSMs
wherethereis only onelevel of states.Here,the cur
rentinput symbols is first passedo the mostspecific
stateg of the statemachine.(The mostspecificstateof
anFSMis themostspecificstateof its currentstateand
themostspecificstateof astateis thestatetself.) If ¢ is
ableto handles, theinput symbolis consumednddis-
patchingterminates Otherwise s is recursvely passed
upto the FSM containingg (whichis againa statein an
objectorientedsense).Finally, recursionterminatesat
thetop-level FSM. Notethatonly thefirst stateencoun-
teredduringthisrecursve ascendeallyis astatewhich
may handlethe symbolby performingsomeaction,i.e.
sendingcommandsgo the seners. Otherstatessncoun-
teredduring ascendare in fact FSMs which possibly
handleandtherebyconsumehe symbolby performing
a statetransition.

CommunicatiorbetweerServes and Contmol

A stateof an FSM assignsto eachSmartSoftsener

componenta specificmode of activity. Additionally,

eachstateof theFSM defineawhicheventsfrom Smart-
Soft sener modulesare of interestto it andareto be
activatedon enteringanddeactvatedon leaving respec-
tively. Eventsfrom sener componentsareturnedinto

symbolsandpassedo the FSM for further dispatching
asdescribedhbove.

An FSM statemay useary of the remainingSmartSoft
patternsto communicatewith the sener components
wheneer a symbolarrivesat that stateor that stateis
to be enteredor left. Commandswithout answerare
simply sentto the sener without ary further process-
ing needed.When commandswith statusinformation
or queriesare sentto a sener, the respectre answer
will beturnedinto asymbolandpassedo the FSM for
dispatching.Sener pushedlatais notfed directly into
the FSM, but the latestdatais alwaysaccessibldrom
handlemmethodswithout waiting.

This organizationof communicatiorandconfiguration
allows to build a mostly non-modalsystem: the user
maydecideatany timeto changdo anothemajormode
or task,evenif the currentsubtasks notyetfinished.

5 CONCLUSION

In thispapewe presentethedesignandarchitecturef
aresearclprototypefor a domesticservicerobot. Em-
phasishasbeenplacedon gesturerecognitionasmeans
for interactionbetweenthe userandthe system. The
majorcontributionis theemploymentof spatialcontext
knowledgefor the interpretationof humans’gestures.
The presentedystemhasbeenexhibited andsuccess-
fully demonstratetb the generalpublic atthe Hanover
industryfair in April 2002.
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