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Abstract— We presentan experimental service robot, a mobile
hand-arm systemwith anthropomorphic featuresaswell assome
capability for autonomous behavior. The system integrates a
mobile platform, an arm optimized for light weight, and an
articulated dexterous four-�nger hand with basic navigation
skills, real-time sceneanalysisby stereovision, compliant motion
control, and an intuiti ve man-machine interface. It thus com-
prises many of the key features required to realize the vision
of a robotic servant that acts and interacts in the human living
envir onment.The task weconsiderhere is manipulation of bottles
and glassesfor preparing and serving drinks. The purposeof this
article is to provide a comprehensive view of the whole system,
revealing the synergiesbetweenits componentsthat lead to real-
world performance within the addressedproblem domain.
Published in Proceedings Mechatronics & Robotics –
MechRob2004, pp. 1497-1502.

I . INTRODUCTION

In the agingsocietiesof the industrializedworld, therewill
be an increasingdemandfor intelligent machinesperforming
servicesin interactionor collaborationwith humans.These
machineswill sharewith us our living environmentand will
have to performeverydaytasksin human-like manners.

As a consequence,in the �eld of servicerobotics,systems
are neededthat can handleeverydayobjectsin unconstraint
environments,in much the sameway as they are handledby
humans.Interactionwith changingand,hence,only partially
known environmentsrequiresintelligent sensor-dataprocess-
ing andadvancedcontrol architectures.Addressingthis grand
challengefor robotics,we presenta mobile hand-armsystem
with anthropomorphicfeaturesaswell assomecapability for
autonomousbehavior. The systemintegrates,on the hardware
side, a mobile platform, an arm optimized for light weight,
and an articulateddexterous four-�nger hand with, on the
softwareside,basicnavigation skills, real-timesceneanalysis
by stereovision, compliant motion control, and an intuitive
man-machineinterface; see Figure 1. We have called this
systemthe Robutler.

In the presentscenario,the world of the Robutler consists
of various bottles and glassesthat are freely arrangedon a
table. Its task is to prepareand offer drinks. Initially, the
Robutler locatesthe table and navigatestowards it, using a
laser rangescannermountedon the mobile platform. Then
an interpretationof the table-topsceneis computedfrom the
imagestakenby threeon-boardcameras.Objectidentitiesand
posesare estimatedby matchingempirically learnedmodels

Fig. 1. The Robutler: a mobile hand-armsystemwith stereocamerasand
laserscanner. Thearmshown is thesecondgenerationof DLR's Light-Weight
Robots.

against3D-point data that have been obtainedfrom stereo
processing.Different typesof bottlesand glassesare located
and distinguishedundervarying conditionsof lighting. Once
the sceneis understood,the Robutler autonomouslyexecutes
a sequenceof actions.For instance,it may unscrew the cap
from a bottle, graspthe bottle, andpour a drink into a glass.

A hierarchicalcommandinterface enablesthe user to in-
struct the Robutler at various levels of abstraction.In par-
ticular, the interface provides graphical representationsof
the objectsas detectedin the scene,displayedin a virtual-
reality environment.It thusallows theuserto issuehigh-level
commandsaboutactionsto takew.r.t. theobjectsin anintuitive
manner. Alternatively, the Robutler can be instructedvia a
speechinterface.

We considerthe presentexperimentalsystema signi�cant
steptowardsdesigningservicerobotsusablein humanenvi-
ronments.



Fig. 2. The third generationof the DLR Light-Weight Arm.

I I . THE ARM

Servicerobotsneedto operatein thehumanenvironmentor
even cooperatewith humans.Therefore,somebasicrequire-
mentshave to bemetby themanipulators,makingthemquite
distinct from industrialhardware.Servicerobotic applications
require light-weight arms for safety reasonsand human-
friendly interaction,aswell asto supportmobility. Interaction
with not fully known environmentsdemandscompliantarms
and �ngers, controlled by information extracted from many
different sensors.To integrate multisensorycomponentsin
arms and hands,sophisticatedmechatronicconceptsand a
�e xible control architectureareneeded.

Over thelastyears,our focuson serviceroboticswasdriven
by strong considerations,how to push robotic technologies
for real-world applications.The designphilosophyof DLR's
light-weight robots [1] hasbeento realizea type of manip-
ulator similar to the kinematic redundancy and dynamicsof
the humanarm, i.e., with 7 degreesof freedom(DOFs), a
load-to-weightratio of better than 1:2, and a high dynamic
performance;seeFigure2. All joints have positionandtorque
sensors.In particular, measuringjoint torquessupportsmore
accurateimpedancecontrol.

I I I . THE HAND

For humans,hands and arms are universal actuatorsto
interactwith their environment.Grasping,carrying, and ma-
nipulatinga wide variety of objects,usingtools,catchingand
throwing things are basicabilities that we needthem for. As
robotsstart to serve andcollaboratewith man,it is naturalto
equip robotswith arti�cial hands.

Fig. 3. DLR HandII - power grasp.

The objects we want to manipulate,bottles and glasses,
are challenging:glasscan break and drinks can be spilled.
A sensitive andcompliantmanipulatoris thereforerequired.

The DLR hand features4 �ngers with anthropomorphic
kinematics: 4 joints per �nger with a collective 3 DOFs
(distal joints coupled).An additionalDOF residesin thepalm
for adaptationto power or precision grasps;see Figure 3.
Joint control is accomplishedwith position,speed,andtorque
sensorsfor each�nger DOF. High-level control canbe driven
by signalsfrom a 6-DOF force-torquesensorin each�nger
tip.

In the caseof precisiongrasps,usual �nger designonly
allows for point contactswith the object at the �nger tips.
The �ngers on the DLR hand,however, can bendbackwards
to createa much more robust line contactat the distal �nger
links (pinch grasp);seeFigure8.

IV. THE V ISUAL SYSTEM

The task of vision for a service robot is to deliver an
interpretationof the scenethat containsboth geometricand
semanticinformation.In otherwords,theRobutler hasto know
where objectsare placedand what can be done with them.
Clearly, thesemanticsof anobjectis not generallyconceivable
from vision alone.This kind of knowledgecan presentlybe
only attachedto objectsin a database.It is thusnaturalfor a
servicerobot to work with an a-priori known setof objects.

In future applicationsof service robots, however, it will
alsobe necessaryto manipulateobjectswhich area-priori not
known. Thebasicactionto take thenis to grasptheobject.We
hencealsoconsiderthevisualanalysisof unknown objects.In
sectionV, we will turn to the problemof graspplanning.

The objectswe are dealing with, bottles and glasses,are
challengingnot only for manipulation,but alsofrom thevisual
point of view. The reasonis that visual data of transparent
objectsaregenerallymoreambiguousthanof opaque,colored
or texturedobjects.
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stereo data

scene

Fig. 4. Examplesceneandcorrespondingstereodata.The scenefeaturesa
bottle, two wine glasses,a water glass,and a cup on a table,as seenin the
top image taken by one of the cameras.The bottom imageshows the 3D-
datapointsobtainedfrom stereoprocessing,viewed from the closeleft table
corner. The objectsand the table are mainly representedby contourpoints.
Note the large amountof backgrounddatathat ariseas artifactsfrom stereo
processingundersuchdif®cult conditions(transparentobjects).This dataset
comprises21,043points.

A. Stereo Processing

We usea three-camerasystem(Digiclops, Point Grey Re-
searchInc.) to perform stereoprocessingwith a horizontal
and a vertical stereopair (baseline10 cm). Each imagehas
a resolutionof 640� 480 pixels.The algorithmemployed is a
straightforwardlocalcorrespondencesearchby minimizing the
sum of absolutedifferencesover squarepatchesof the LoG-
�ltered (Laplacian-of-Gaussian�lter) images[2]. We have set
a high thresholdfor valid regionsof the LoG-�ltered images,
such that only regions of high scenecontrastare taken into
account.As a result, mainly surface creases,sharp bends,
anddepthdiscontinuitiescontribute to furtherprocessing.The
output from stereoprocessingthus is a sparserepresentation
of the sceneby rather few 3D-datapoints (around20,000),
outlining the objectson the table;seeFigure4.

B. SceneInterpretation

The sparsescenerepresentationthat we obtain from stereo
processinghastwo major advantagesfor the processingsteps
to follow: it keepsthe computationalload low and it allows
for a reliablesceneinterpretationby simplemethodsadapted
from fuzzy-setand probability theory; see[3] for details. It
turns out that objectsstandingon a weakly textured plane,

like our table, are visually well describedby a few 3D-data
points restrictedto high-contrastregionsof the scene.

Let � i (! ; d) 2 [0; 1] be the probability for a datapoint at
positiond 2 R3 in dataspaceto arisefrom objecti with pose
parameters! . Thesefunctionscan be empirically learnedby
samplinghistogramsof thestereodataproducedby theobjects
of interest.In fuzzy-settheory, � i (! ; d) would be called the
`membershipfunction for data points of object i with pose
! '. Traditional fuzzy logic, however, is independentof any
probabilisticinterpretationof membershipvalues.

The quality of match of n object models
f � 1(! ; d); � 2(! ; d); : : : ; � n (! ; d)g to N data points
f d1; d2; : : : ; dN g, or, in fuzzy-set slang, the degree of
membershipof the datato the objects,is given by

M (! 1; ! 2; : : : ; ! n ; d1; d2; : : : ; dN )

:=
nX

i =1

M i (! i ; d1; d2; : : : ; dN )

:=
nX

i =1

NX

j =1

� i (! i ; dj ) ; (1)

where ! 1; ! 2; : : : ; ! n are the objects' pose parameters.A
sceneinterpretationis obtainedby optimizing the function
M (! 1; ! 2; : : : ; ! n ; d1; d2; : : : ; dN ) with respectto the pose
parametersof the n objects.The poseparametersare con-
strainedto take consistentvalues,that is, objectscannotinter-
secteachother. Moreover, an object i is includedin a scene
interpretation,only if its contribution M i (! i ; d1; d2; : : : ; dN )
to the bestmatchexceedssomeobject-speci�cthreshold.

For thecaseof our table-topscenes,theposeparameters! i

of an object can take valuesin intervals [a1; a2] � [b1; b2] �
[0; 2� ) for translation on the table and rotation around a
table-orthogonalaxis. Rotationally symmetric objects have
poses only in [a1; a2] � [b1; b2]. Search and optimization
acrossall translations(x; y) 2 [a1; a2] � [b1; b2] is ef�ciently
implementedby a fuzzy variant of the generalizedHough
transform[4], [5], [6] with a single template� i (x; y; d). We
have quantizedthe spaceof translationsat intervals of 2 mm
in both dimensions.The achieved translationalaccuracy of
estimatedobject positionsis usually within 2 quanta,i.e., 4
mm, up to distancesof 1 m from the cameras.

For different rotational views � 2 [0; 2� ) of object i ,
various templates� i (x; y; �; d) for discreteviewing angles
� 2 f � 1; � 2; : : :g have to be employed. The orientation� of
an object i at table-topposition (x; y) can then be estimated
by weightedaveragingover the templateorientations,that is,

� = arg
h
ei � k � 1

NX

j =1

� i (x; y; � k � 1; dj )

+ ei � k

NX

j =1

� i (x; y; � k ; dj )

+ ei � k +1

NX

j =1

� i (x; y; � k+1 ; dj )
i

: (2)
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Here � i (x; y; � k ; d) is assumedto be the best-matchingtem-
plate from the set f � i (x; y; � 1; d); � i (x; y; � 2; d); : : :g, and
� k � 1 and � k+1 are the two cyclic neighborsof orientation
� k . Providedthebest-matchingtemplateis indeedtheonewith
closestorientation,the orientation-estimateerror will always
belessthan� �= 2 for anangularincrement� � = j� 1 � � 2j =
j� 2 � � 3 j = : : : betweentemplates.

An example of a visual sceneinterpretationis given in
Figure 5. The scenefeaturesa bottle, two wine glasses,one
partially occluding the other, a water glass, and a cup, as
seenin Figure 4. The cup is included as an outlier that is
not sought,i.e., the systemhasno model of cups.As shown
in the �gure, the bottle, wine glasses,and water glass are
correctlylocatedandidenti�ed, andthesystemis not confused
by the cup.The cup may be marked asan unknown obstacle.
Processingtime, all the way throughfrom imageacquisition
to sceneinterpretation,is for this scenearound5.7secondson
a Pentium4 CPU at 2.4 GHz underLinux.

We have found that the describedmethodfor sceneinter-
pretationcan cope with challengingobjectssuch as glasses
under partial occlusionand over large variationsof lighting
(daylight, �uorescentlight, spotlight).

C. SurfaceAnalysis

For an unknown object, the best we can do is to extract
a description of its surface that is suf�ciently informative
for a graspto be inferred.We currently follow two different
strategies: �rst, by samplingsurfacenormalsfrom the stereo-
data points; second,by �tting generalizedcylinders to the
stereodata; see Figure 6. When using surface normals as
the description, at least two different views of an object
are requiredto obtain information aboutpossiblegrasps.On
the other hand, �tting generalizedcylinders implies strong
symmetry assumptionsabout the objects. In both cases,a
clusteringalgorithm is employed to obtain robust estimates
of the parametersin the presenceof outliers.

Note that,becausethemodelsappliedherearevery generic
and abstract,the resulting surface descriptioncannot be as
accurateas for known objects. A grasp planner has to be
able to cope with various sorts of imperfectionsof surface
description;a compliant hand controller has to compensate
for errorsin estimatedsurfaceshapeoncethehandis in touch
with the object.

V. GRASP PLANNING

For a known objectfrom a database,a setof graspsmaybe
storedthat is adequatefor its semanticsanduse.For instance,
a glassof watershouldbehandledsoasto preventspilling. In
particular, no real-timegraspplanning is required.However,
a highly desirablefunctionality for a service robot with a
dexteroushandis autonomousgraspingof unknown objects.

Any approachto graspplanning needskinematic and ge-
ometric information about the hand and the objects to be
grasped.In other words, it has to be known how the hand
canmove andhow handandobjectsareshaped.

cameras

bottle position

water-glass position

wine-glass positions

Fig. 5. Thethreepanelsshow thedistribution of evidenceacrossthetable(top
view) for positionsof bottles,wine glasses,and water glassesfor the scene
shown in Figure 4. A darker shademeanshigher evidence,white meansno
evidence.Superimposedare the 3D-datapoints.The systemdid not look for
cups.The evidenceM i (x; y; d1 ; d2 ; : : : ; dN ) for object i 2 f bottle, wine
glass,water glassg is calculatedaccordingto equation(1) for all discrete
positions (x; y) on the table. The spuriousevidence for a bottle near the
positionof oneof thewine glasses(seetop panel)is suppressedby the larger
evidencefor awine glassat thatposition(seemiddlepanel).In fact,all sought
objectsarecorrectly locatedand identi®ed,while the cup is ignored.
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generalized
cylinders

normalsimage

Fig. 6. Surfaceanalysisof an unknown object,a bottle of cleaningliquid.
Shown areoneof the cameraimages,a setof normalvectorscomputedfrom
the correspondingstereo-datapoints, and generalizedcylinders ®tted to the
stereodata.

The kinematic and geometricmodel of an arti�cial hand
is usually available from CAD. A geometricdescriptionof
unknown objectshas to be establishedautonomouslyand in
real time by 3D sensinglike stereovision (cf. sectionIV), but
also structuredlight, laserscanners,shapefrom shadingetc.
maybeused.For graspplanning,we needa polyhedralmodel
that may have gapsand unconnectedfaces,and may also be
imperfectin variousotherways.

A. TheGrasp-PlanningProblem

Graspsfor dexteroushandsare reasonablydivided in two
main categories[7]: precisiongraspsfor high manipulability
whereonly the �ngertips or distal �nger links are in contact
with the object, and power or enveloping graspswhen high
forcesmust be resistedor exertedandwherethe whole hand
canbe in contactwith the object;seeFigure7.

Theplanningfor thesetwo typesof graspsis very different.
For precisiongrasps,one has to searchfor a few �ngertip
contacts(3 to 5) that allow for a stable grasp. For most
of thesecontactsets,one can computemore than one valid
handcon�guration, as we show in [8]. Power grasps,on the
other hand, are mainly determinedby the geometryof the
handand the object.So one �rst tries to �nd a suitablehand
con�guration to “wrap” the �ngers aroundtheobjectandthen
calculatesthe resultingcontacts.

Fig. 7. Power (left) and precision(right) graspcon®gurationof the DLR
Four-FingerHand.

Fig. 8. Plannedpinch grasp.

B. TheGraspPlanner for the DLR Hand

As stated above, it is possible to start precision-grasp
planningfrom �nding contactsandthencalculatea valid hand
con�guration to realizea grasp.Moreover, we have observed
that about 20% of all graspscomputedfrom four randomly
chosencontactpoints on a set of geometricaland real world
objects(cube,sphere,cylinder, coffeemug,martini glass,etc.)
result in force closure,which is the most common quality
criterion for precision grasps[9], [10]. Therefore,we have
decidedto implementa random-sampling-basedgraspplanner.
The algorithm can be summarizedas follows, for detailssee
[11].

1) Choosefour contactpoints randomlyon the object.
2) Calculatea kinematicallyvalid handcon�gurationusing

an optimizationapproach[8]; seeFigure8 for a pinch-
graspexample.Returnto step1) if thereis none.

3) Performa collision testbetweenhandandobject to see
if geometricconstraintsare satis�ed. Returnto step1)
in caseof a collision.

4) Computea quality measurefor the grasp.
5) Storethegraspin a list sortedby graspqualityandreturn

to step1), until thereareenoughgraspsin the list or a
given time limit is exceeded.

Themostinterestingstepis thequality computation,step4).
We usea measureintroducedby FerrariandCanny [12] which
physically means:The quality of a graspis as good as the
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Fig. 9. The DLR Four-FingerHand,unscrewing the capfrom a bottle.

minimal wrenchthat breaksthe graspif all �ngers can press
with unit forces.Thismeasureis physicallymorejusti�ed than
the widely-usedvariant where the sum of all �nger forces
is limited to unit force. We have developedan incremental
convex-hull constructionalgorithm to calculatethe Ferrari-
Canny measure.With this technique,we can computeand
evaluateabout100valid andforce-closuregraspcandidatesin
20 to 60 seconds,dependingon the complexity of the object,
on a Pentium III CPU at 700 MHz under Linux. We then
choosethe bestof thesecandidatesas the �nal grasp.

VI . THE TASK

We imitate a constrainedbut realistic domesticscenario.
Variousbottlesandglassesarefreely arrangedon a table.It is
the taskof the Robutler to prepareandoffer drinks. The user
may order, via a graphicalor a speechinterface,a particular
drink (water, wine, etc.). The Robutler will navigate towards
the tableandchoosetheappropriatebottle,unscrew its cap(if
the bottle hasa cap), graspit, and pour into the appropriate
glass;seeFigures9 and10. It will thenpick up the glassand
offer it to the user. Alternatively, the usermay commandthe
Robutler to pour from a speci�ed bottle into a speci�ed glass
andso on.

It is important to note that unscrewing the cap from a
bottle is a true �ne-manipulationtaskthat requiresbothvisual
precisionand compliant motion control of the three �ngers
involved;cf. Figure9. Compliancemakesthe�ngers adaptable
to residualerrorsincurredfrom visual sceneinterpretation.

The commandinterfacebetweenthe userand the robot is
reducedto whathasto bedone.All theinformationonhowthe
task is accomplishedis hidden in the autonomousexecution
layer.

VI I . CONCLUSION

We have presenteda mobile hand-armsystemwith anthro-
pomorphicfeatures,combinedwith visual perception,dexter-
ous graspingskills, and an intuitive man-machineinterface.
The Robutler thus integrates on the levels of mechatronic

Fig. 10. TheDLR Light-WeightArm with Four-FingerHand,pouringwater
into a glass.

design,controlstrategies,aswell asmachineintelligencesome
of the key componentsrequired for the next generationof
servicerobots,that is, robotsthat will function in the human
environment.Wehavevalidatedrobustsystemperformancefor
a restrictedbut realistic task domain,preparingand offering
drinks. In the future, we expect to expand the skills of
the Robutler through recognitionand manipulationof more
generalshapeclasses.
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