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Abstract— We presentan experimental sewvice 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 stereo vision, compliant torque
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 sewvant that acts and interacts in the human living
ervironment. The task we considerhere is manipulation of bottles
and glassedor preparing and sewving drinks. The purposeof this
article is to provide a comprehensve view of the whole system,
revealing the synergies betweenits componentsthat lead to real-
world performance within the addressedproblem domain.

I. INTRODUCTION

In the aging societiesof 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 consequencen the eld of servicerobotics,systems
are neededthat can handle everyday objectsin unconstraint
ervironments,in much the sameway they are handledby
humans.Interactionwith changingand, hence,only partially
known ernvironmentsrequiresintelligent sensotdata process-
ing andadvancedcontrol architecturesAddressingthis grand
challengefor robotics,we presenta mobile hand-armsystem
with anthropomorphideaturesas well as somecapability for
autonomousehaior. The systemintegrates,on the hardware
side, a mobile platform, an arm optimized for light weight,
and an articulated dexterous four- nger hand with, on the
software side, basichavigation skills, real-timesceneanalysis
by stereovision, compliant torque control, and an intuitive
man-machineinterface; see Figure 1. We have called this
systemthe Rohutler.

In the presentscenario.the world of the Rolutler consists
of various bottles and glassesthat are freely arrangedon a
table. Its task is to prepareand offer drinks. Initially, the
Rohutler locatesthe table and navigatestowardsit, using a
laser range scannermountedon the mobile platform. Then
an interpretationof the table-topsceneis computedfrom the
imagestaken by threeon-boardcamerasObjectidentitiesand
posesare estimatedby matchingempirically learnedmodels
against3D-point data that have been obtainedfrom stereo
processingDifferent typesof bottlesand glassesare located

Fig. 1. The Rolutler: a mobile hand-armsystemwith stereocamerasand
laserscannerThearmshawn is the secondyeneratiorof DLR's Light-Weight
Robots.

and distinguishedundervarying conditionsof lighting. Once
the sceneis understoodthe Rohlutler autonomouslyexecutes
a sequencef actions.For instance,it may unscrev the cap
from a bottle, graspthe bottle, and pour a drink into a glass.

A hierarchicalcommandinterface enablesthe userto in-
struct the Rohutler at various levels of abstraction.In par
ticular, the interface provides graphical representationsof
the objectsas detectedin the scene,displayedin a virtual-
reality ervironment.It thusallows the userto issuehigh-level
commandsboutactionsto take w.r.t. the objectsin anintuitive
manner Alternatively, the Rolutler can be instructedvia a
speechinterface.

We considerthe presentexperimentalsystema signi cant
steptowards designingservicerobotsusablein humanervi-
ronments.



Fig. 2. Thethird generatiorof the DLR Light-Weight Arm.

Il. THE ARM

Servicerobotsneedto operaten the humanervironmentor
even cooperatewith humans.Therefore,somebasicrequire-
mentshave to be met by the manipulatorsmakingthemquite
distinct from industrialhardware. Servicerobotic applications
require light-weight arms for safety reasonsand human-
friendly interaction,aswell asto supportmobility. Interaction
with not fully known ernvironmentsdemandscompliantarms
and ngers, controlled by information extracted from mary
different sensors.To integrate multisensory componentsin
arms and hands, sophisticatedmechatronicconceptsand a
e xible control architectureare needed.

Over thelastyears,our focuson serviceroboticswasdriven
by strong considerationshow to push robotic technologies
for real-world applications.The designphilosophyof DLR's
light-weight robots[1] hasbeento realize a type of manip-
ulator similar to the kinematic redundang and dynamicsof
the humanarm, i.e., with 7 degreesof freedom (DOFs), a
load-to-weightratio of betterthan 1:2, and a high dynamic
performanceseeFigure2. All joints have positionandtorque
sensors.Like in all modern approachesto robot control,
commandingjoint torqueshas beenconsideredas essential,
allowing programmableémpedancestiffness,and damping.

I1l. 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 needthemfor. As
robotsstartto sene and collaboratewith man, it is naturalto
equip robotswith arti cial hands.

Fig. 3. DLR Handll - power grasp.

The objectswe want to manipulate,bottles and glasses,
are challenging:glass can break and drinks can be spilled.
A sensitve and compliantmanipulatoris thereforerequired.

The DLR hand features4 ngers with anthropomorphic
kinematics: 4 joints per nger with a collectve 3 DOFs
(distaljoints coupled).An additional DOF residesin the palm
for adaptationto power or precision grasps;see Figure 3.
Joint controlis accomplishedvith position,speedandtorque
sensordor 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);seeFigure 8.

IV. THE VISUAL SYSTEM

The task of vision for a service robot is to deliver an
interpretationof the scenethat containsboth geometricand
semantidnformation.In otherwords,the Rohutler hasto know
whele objectsare placedand what can be done with them.
Clearly, the semanticof anobjectis notgenerallyconcevable
from vision alone. This kind of knowledge can presentlybe
only attachedo objectsin a databaselt is thus naturalfor a
servicerobot to work with an a-priori known setof objects.

In future applicationsof service robots, however, it will
alsobe necessaryo manipulateobjectswhich area-priori not
known. Thebasicactionto take thenis to graspthe object.We
hencealsoconsiderthe visual analysisof unknowvn objects.In
sectionV, we will turn to the problemof graspplanning.

The objectswe are dealing with, bottles and glassesare
challengingnot only for manipulationput alsofrom the visual
point of view. The reasonis that visual data of transparent
objectsaregenerallymoreambiguoughanof opaquegcolored
or textured objects.



stereo data

Fig. 4. Examplesceneand correspondingstereodata. The scenefeaturesa

bottle, two wine glassesa water glass,and a cup on a table,as seenin the

top image taken by one of the cameras.The bottom image shavs the 3D-

datapoints obtainedfrom stereoprocessingyiewed from the closeleft table
corner The objectsand the table are mainly representedy contour points.
Note the large amountof backgrounddatathat ariseas artifacts from stereo
processingundersuchdif®cult conditions(transparenbbjects).This dataset
comprises21,043points.

A. Steeo Processing

We usea three-cameraystem(Digiclops, Point Grey Re-
searchinc.) to perform stereoprocessingwith a horizontal
and a vertical stereopair (baseline10 cm). Eachimage has
aresolutionof 640 480 pixels. The algorithmemployedis a
straightforvardlocal correspondencgearctby minimizing the
sum of absolutedifferencesover squarepatchesof the LoG-
Itered (Laplacian-of-Gaussiaifter) images[2]. We have set
a high thresholdfor valid regionsof the LoG- Itered images,
suchthat only regions of high scenecontrastare taken into
account.As a result, mainly surface creasessharp bends,
anddepthdiscontinuitiescontribute to further processingThe
outputfrom stereoprocessinghusis a sparserepresentation
of the sceneby ratherfew 3D-datapoints (around20,000),
outlining the objectson the table; seeFigure 4.

B. Scenelnterpretation

The sparsescenerepresentatiothat we obtainfrom stereo
processinghastwo major advantagedor the processingsteps
to follow: it keepsthe computationalload low andit allows
for a reliable sceneinterpretationby simple methodsadapted
from fuzzy-setand probability theory; see[3] for detalils. It
turns out that objectsstandingon a weakly textured plane,

like our table, are visually well describedby a few 3D-data
pointsrestrictedto high-contrastregions of the scene.

Let ;(!;d) 2 [0;1] be the probability for a datapoint at
positiond 2 R® in dataspaceto arisefrom objecti with pose
parameterd . Thesefunctionscan be empirically learnedby
samplinghistogramf the sterecdataproduceddy the objects
of interest.In fuzzy-settheory (! ;d) would be called the
“membershipfunction for data points of objecti with pose
I'". Traditional fuzzy logic, however, is independenif ary
probabilisticinterpretationof membershipvalues.

The quality of match of n object models

N data points

= i(tisdi), (1)

parametersof the n objects. The pose parametersare con-
strainedto take consistentalues thatis, objectscannotinter
secteachother Moreover, an objecti is includedin a scene

to the bestmatchexceedssomeobject-speci cthreshold.

For the caseof our table-topscenesthe poseparameters
of an object cantake valuesin intervals [a1;a2]  [br; ]
[0;2 ) for translationon the table and rotation around a
table-orthogonalaxis. Rotationally symmetric objects have
posesonly in [a;;a2] [bi;bp]. Searchand optimization
acrossall translationg(x; y) 2 [a1;a2]  [br; bp] is ef ciently
implementedby a fuzzy variant of the generalizedHough
transform[4], [5], [6] with a singletemplate ;(x;y;d). We
have quantizedthe spaceof translationsat intervals of 2 mm
in both dimensions.The achieved translationalaccurag of
estimatedobject positionsis usually within 2 quanta,i.e., 4
mm, up to distancef 1 m from the cameras.

For different rotational views 2 [0;2 ) of objecti,
various templates (x;y; ; d) for discreteviewing angles

2 f 1; 2;:::9 have to be employed. The orientation  of
an objecti at table-topposition (x; y) canthenbe estimated
by weightedaveragingover the templateorientations that s,

h X
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i
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Here i(x;y; «;d) is assumedo be the best-matchingem-
plate from the setf (x;y; 1;d); i(X;y; 2;d);:::g, and
k 1 and y+1 arethe two cyclic neighborsof orientation
k- Providedthe best-matchingemplateis indeedthe onewith
closestorientation,the orientation-estimaterror will always
belessthan =2for anangularincrement =] ; 3j=
j 2 3] = ::: betweentemplates.

An example of a visual sceneinterpretationis given in
Figure 5. The scenefeaturesa bottle, two wine glassespne
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 shavn
in the gure, the bottle, wine glasses,and water glass are
correctlylocatedandidenti ed, andthe systemis not confused
by the cup. The cup may be marked asan unknown obstacle.
Processingime, all the way throughfrom image acquisition
to sceneinterpretationjs for this scenearound5.7 secondon
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 unknownn object, the bestwe can do is to extract
a description of its surface that is sufciently informative
for a graspto be inferred. We currently follow two different
stratgies: 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 parametersn the presenceof outliers.

Note that,becaus¢he modelsappliedherearevery generic
and abstract,the resulting surface descriptioncannotbe 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 hasto compensate
for errorsin estimatedsurfaceshapeoncethe handis in touch
with the object.

V. GRASP PLANNING

For a known objectfrom a databasea setof graspamay be
storedthatis adequatdor its semanticanduse.For instance,
a glassof watershouldbe handledsoasto preventspilling. In
particular no real-time graspplanningis required.However,
a highly desirablefunctionality for a service robot with a
dexteroushandis autonomousggraspingof unknown objects.

Any approachto graspplanning needskinematic and ge-
ometric information about the hand and the objectsto be
grasped.In other words, it hasto be known how the hand
canmove and how handand objectsare shaped.

bottle position

wine-glass positions

water-glass position

[ 1 [ ]

cameras

Fig.5. Thethreepanelsshav thedistribution of evidenceacrosghetable(top

view) for positionsof bottles,wine glassesand water glassedor the scene
shavn in Figure4. A darler shademeanshigher evidence,white meansno

evidence.Superimposedre the 3D-datapoints. The systemdid not look for

cups.The evidenceM (x; y;d1;d2;:::;dy ) for objecti 2 fbottle, wine

glass,water glasg is calculatedaccordingto equation(1) for all discrete
positions (X; y) on the table. The spuriousevidence for a bottle near the
positionof oneof the wine glassegseetop panel)is suppressedy the larger
evidencefor awine glassat thatposition(seemiddle panel).In fact,all sought
objectsare correctly locatedand identi®ed, while the cup is ignored.
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Fig. 6. Surfaceanalysisof an unknavn object, a bottle of cleaningliquid.

Shavn areoneof the cameramages,a setof normalvectorscomputedrom

the correspondingstereo-datgoints, and generalizedcylinders ®tted to the
stereodata.

The kinematic and geometricmodel of an arti cial hand
is usually available from CAD. A geometricdescriptionof
unknavn objectshasto be establishedautonomouslyand in
realtime by 3D sensindik e stereovision (cf. sectionlV), but
also structuredlight, laserscannersshapefrom shadingetc.
may be used.For graspplanning,we needa polyhedralmodel
that may have gapsand unconnectedaces,and may also be
imperfectin variousotherways.

A. The Grasp-PlanningProblem

Graspsfor dexteroushandsare reasonablhydivided in two
main categyories[7]: precisiongraspsfor high manipulability
whereonly the ngertips or distal nger links arein contact
with the object, and power or ernveloping graspswhen high
forcesmustbe resistedor exertedand wherethe whole hand
canbein contactwith the object; seeFigure7.

The planningfor thesetwo typesof graspds very different.
For precisiongrasps,one hasto searchfor a few ngertip
contacts(3 to 5) that allow for a stable grasp. For most
of thesecontactsets,one can computemore than one valid
hand con guration, aswe shaow in [8]. Power grasps,on the
other hand, are mainly determinedby the geometryof the
handandthe object. So one rst triesto nd a suitablehand
con gurationto “wrap” the ngers aroundthe objectandthen
calculateghe resultingcontacts.

Fig. 7. Power (left) and precision(right) graspcon®gurationof the DLR
FourFinger Hand.

Fig. 8. Plannedpinch grasp.

B. The Grasp Plannerfor the DLR Hand

As stated above, it is possibleto start precision-grasp
planningfrom nding contactsandthencalculatea valid hand
con guration to realizea grasp.Moreover, we have obsered
that about20% of all graspscomputedfrom four randomly
chosencontactpoints on a set of geometricaland real world
objects(cube,spheregylinder, coffee mug, martini glass,etc.)
result in force closure,which is the most common quality
criterion for precision grasps[9], [10]. Therefore,we have
decidedto implementarandom-sampling-basegaspplanner
The algorithm can be summarizedas follows, for detailssee
[11].

1) Choosefour contactpointsrandomlyon the object.

2) Calculatea kinematicallyvalid handcon guration using
an optimizationapproach8]; seeFigure8 for a pinch-
graspexample.Returnto stepl) if thereis none.

3) Performa collision testbetweenhandand objectto see
if geometricconstraintsare satis ed. Returnto step1)
in caseof a collision.

4) Computea quality measureor the grasp.

5) Storethegraspin alist sortedby graspquality andreturn
to stepl), until thereare enoughgraspsin the list or a
giventime limit is exceeded.

Themostinterestingstepis the quality computationstep4).
We usea measurentroducedby FerrariandCanry [12] which
physically means:The quality of a graspis as good as the



Fig. 9. TheDLR FourFingerHand,unscreving the capfrom a bottle.

minimal wrenchthat breaksthe graspif all ngers canpress
with unit forces.This measures physicallymorejusti ed than
the widely-usedvariant where the sum of all nger forces
is limited to unit force. We have developedan incremental
corvex-hull constructionalgorithm to calculatethe Ferrari-
Canry measure.With this technique,we can compute and
evaluateabout100valid andforce-closuregraspcandidatesn

20 to 60 secondsdependingon the compleity of the object,
on a Pentiumlll CPU at 700 MHz under Linux. We then
choosethe bestof thesecandidatesasthe nal grasp.

VI. THE TASK

We imitate a constrainedbut realistic domestic scenario.
Variousbottlesandglassesarefreely arrangedn a table.lt is
the task of the Rohutler to prepareand offer drinks. The user
may order, via a graphicalor a speechinterface,a particular
drink (water wine, etc.). The Rotutler will navigate towards
thetableandchoosethe appropriatebottle, unscrav its cap (if
the bottle hasa cap), graspit, and pour into the appropriate
glass;seeFigures9 and 10. It will thenpick up the glassand
offer it to the user Alternatively, the usermay commandthe
Rolutler to pour from a speci ed bottle into a speci ed glass
andso on.

It is importantto note that unscreving the cap from a
bottleis atrue ne-manipulationtaskthatrequiresboth visual
precision and compliant torque control of the three ngers
involved;cf. Figure9. Compliancemakesthe ngers adaptable
to residualerrorsincurredfrom visual sceneinterpretation.

The commandinterface betweenthe userand the robot is
reducedo whathasto bedone.All theinformationon howthe
task is accomplisheds hiddenin the autonomoussxecution
layer.

VIl. CONCLUSION

We have presentedh mobile hand-armsystemwith anthro-
pomorphicfeatures,combinedwith visual perceptiondexter-
ous graspingskills, and an intuitive man-machinenterface.
The Rolutler thus integrateson the levels of mechatronic

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

designcontrolstrategyies,aswell asmachinentelligencesome
of the key componentsrequired for the next generationof
servicerobots, thatis, robotsthat will functionin the human
ervironment.We have validatedrobustsystemperformancdor
a restrictedbut realistic task domain, preparingand offering
drinks. In the future, we expect to expand the skills of
the Rohutler through recognitionand manipulationof more
generalshapeclasses.
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