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Abstract. We considertypical manipulationtasksin termsof a servicerobot
framework. Givenataskathand,suchas”Pick upthecupfrom thedinnertable”,
we presenta numberof differentvisualsystemsrequiredto accomplishthetask.
A standardrobotplatformwith a PUMA560on thetop is usedfor experimental
evaluation.Theclassicalapproach-align-graspideais usedto designa manipu-
lation system.Here,both visual andtactile feedbackis usedto accomplishthe
giventask.In termsof imageprocessing,we startby a recognitionsystemwhich
providesa2D estimateof theobjectpositionin theimage.Thereafter, a2D track-
ing systemis presentedandusedto maintaintheobjectin the�eld of view during
anapproachstage.For thealignmentstage,two systemsareavailable.The �rst
is amodelbasedtrackingsystemthatestimatesthecompletepose/velocityof the
object.The secondsystemis basedon cornermatchingandestimateshomog-
raphybetweentwo images.In termsof tactile feedback,we presenta grasping
systemthat,at this stage,performspower grasps.The mainobjective hereis to
compensatefor minorerrorsin objectposition/orientationestimatecausedby the
vision system.

1 Intr oduction

Roboticvisualservoing andmanipulationhasreceivedsigni®cantattentionduringthe
pastfew years.Still, mostof theexisting systemsrely on onevisual servoing control
strategy or onesensorymodality. This commonlylimits the systemto concentrateon
oneof theapproach-align-graspsteps.It hasbeenpointedout thatoneof thekey re-
searchareasin the ®eld of visual servoing is the integration of existing techniques,
regardingboththeestimationandcontrol,[1].

In termsof robotic appliancesfor servicerobotics,it is of inevitable importance
to observe thecompleterobotic task.Assumingbasicfetch–and–carrytasks,thereare
varying demandsfor precisionanddegreesof freedomin control dependingon com-
plexity. As proposedin [2], a key to solvingrobotichand-eye tasksef®ciently andro-
bustly is to identify how precisecontrolis neededataparticulartimeduringtaskexecu-
tion. Therequiredlevel of precisionshouldthenbematchedwith appropriatesensory
input.This is alsooneof themainideaspursuedin our work.

We considerthreelevelsfor anobjectmanipulationsequence,seeFig.1:
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– Transport considersmotionof therobotplatformand/ortherobotarmto thevicin-
ity of the object.From this position, the arm shouldbe able to reachthe object
without moving thebase.

– Alignment of thehandwith theobjectsuchthata graspcanbeperformed.
– Grasping of theobjectwhich canbeperformedusingtactilefeedbackor in a pre-

de®nedopen–loopmanner.
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Fig.1. Robotcontrol versussensoryfeedbackhierarchy. The requiredcomplexity and type of
feedbackdependson thecurrentstepof amanipulationtask.

Our main goal is to presenta numberof differenttechniquesthat allow robotsto
perform manipulationtasksin real world scenariosaccordingto the above. We will
show how visual and tactile feedbackcan be usedtogetherwith a numberof visual
servoing strategiesto manipulatesimple,everydayobjects.We do not offer a general
solutionfrom a systempoint of view, rathera ®rst steptowardsit. Comparedto our
previous work [3], wherethe main considerationwas the overall control framework
andsystemsintegration,hereweconcentrateontheactualbuilding blocks.In particular,
visual andtactile feedbackandunderlyingservoing strategiesarestudied.We believe
thatourapproachis relatively easyto build upon- eachof theindividualtechniquescan
easilybeextendedandcombinedto performmorecomplex tasks.Similarly, in human
physiologythereis adifferentiationbetweenidenti®cationof theobject,balisticmotion
to theproximity of theobject,preshapingof thehand,alignment,andinteraction.Here,
theidenti®cationandballistic motionarefusedinto a signletaskfor convenience.

The paperis organizedasfollows. In Section2 basiccontrol strategiesfor visual
servoingarepresentedtogetherwith commonlyfacilitatedcamera/robotcon®gurations.
In Section3 imageprocessingalgorithmscurrentlyusedin thesystemarebrie�y pre-
sented.Thestrategiesfor usingtactilefeedbackfor graspingarediscussedin Section4.
Theexperimentalplatformandfew experimentsarepresentedin Section5. And ®nally,
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Section6 discussesthecurrentlimitationsof thesystemandprovidestopicsfor future
research.

2 Visual Servoing

In termsof thedesignof visualservoingsystems,therearethreemajorissuesthathave
to be considered:i) the choiceof control law, ii) camera-robotcon®guration,andiii)
thechoicealgorithmsusedto provide thefeedbackfor thecontrol loop.We will touch
uponthe®rst two issuesbrie�y in Section2.1 andSection2.2.Section3 outlinesthe
imageprocessingalgorithmscurrentlyavailablein oursystem.

2.1 Control design

Therearetwo basicapproachesto visualservo control [4]: i) image–basedvisualser-
voing (IBVS) andposition–basedvisualservoing (PBVS).In IBVS, anerrorsignalis
measuredin theimageandthenmappeddirectly to robotmotioncommands.In PBVS,
featuresareextractedfrom theimageandthenusedto computea partialor a complete
pose/velocity of theobject.An error is thencomputedin thetaskspaceandthereafter
usedby the control system.To overcomethe problemsof IBVS andPBVS systems,
several hybrid systemshave beenproposed[10], [11]. In general,thesesystemsde-
couplethe translationalandrotationalpart of thecontrol signalachieving the desired
stabilityof thesystemevenfor caseswherethedifferencebetweenthestartanddesired
poseof therobotis signi®cant.In oursystem,all threestrategiesareused.

2.2 Camera-RobotCon�gurations

Fig. 2 shows someof themostcommoncamera-robotcon®gurationstypically usedin
visualservoingsystems.In oursystem,accordingto the®gure,weareusingacombina-
tion of VM1 andVM4 whichis aspecialcaseof VM5. Theavailablecon®gurationusu-
ally determinesthedesignof thefeedbacksystem.For example,aneye–in–handcamera
con®gurationcommonlyrequiresfastimageprocessing(sincetheimagechangeswith
eachmotion of the arm) as well as the �e xibility in termsof scale.Sincethereis a
signi®cantdifferencebetweenthe startandthe destinationpose,2 1/2 D approachis
commonlyadoptedcontrol strategy [10], [12]. A stereostand–alonesystemrequires
lessfeaturesperimageand,for thecaseof statictargets,theappearanceof thefeatures
mayremainalmostconstantthroughoutthevisualservo sequence.

Therearenumerousexampleswhereoneor the othercontrol approachor con®g-
urationwill performbetter. To thatend,we have decidedto usea numberof different
systemsandusethemdependingonthetaskathandandatthelevelof detail/complexity
neededto performthegiventask.

3 Transportation and Alignment

Thefollowing sectionsgiveashortoverview of theimageprocessingmethodscurrently
exploitedin thesystem.
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VM5VM1 VM4VM3VM2

Fig.2. Most commoncamera±robotcon�gurations:monoculareye±in±hand,monocularstand±
alone,binoculareye±in±hand,binocularstand±aloneandredundantcamerasystem.In our sys-
tem,we areusinga combinationof VM1 andVM4 which is a specialcaseof VM5.

3.1 Recognition

The object to be manipulatedis ®rst recognizedusingthe view-basedSVM (support
vectormachine)systempresentedin [7]. Therecognitionstepdeliverstheimageposi-
tion andapproximatesizeof theimageregionoccupiedby theobject.This information
is thenusedi) eitherby thetrackingsystemto trackthepartof the image,thewindow
of attention, occupiedby theobjectwhile the robot approachesit, or ii) by the stereo
systemto providea roughestimateof theobject's 3D position.Recentresearchon hu-
manvision hasclearly demonstratedthat re-cognitionof prior known objectscanbe
ef®ciently modeledasa view basedprocess[16], [17], which motivatesour useof an
SVM basedapproachto recognition.

3.2 Regiontracking

Our trackingsystemis basedon integrationof multiple visual cuesusingvoting, [5].
The visual cuesusedare motion, color, correlationand intensityvariation.Cuesare
fusedusingweightedsuper-positionandthemostappropriateactionis selectedaccord-
ing to a winner-take-all strategy. Theadvantageof thevoting approachfor integration
is the fact that informationof differentcuescanbe easilycombinedwithout theneed
for explicit modelsasit is for exampleis thecasein Bayesianapproaches.Lots of per-
ceptualexperimentssupportthe ideathat whenit comesto aspectsof visual scenes,
peoplemostlikely mentioncolor, form andmotion asbeingquite distinct.Thereis a
believethatinformationaboutform, color, motionanddepthis processedseparatelyin
thevisualsystem.However, it hasalsobeenshown thatthesegregationis not complete
andthereis across-talkamongdifferentcues[18].

3.3 Poseestimationand tracking

Our model-basedtrackingsystemintegratestheuseof bothappearancebasedandge-
ometricalmodelsto estimatethe positionandorientationof the objectrelative to the
camera/robotcoordinatesystem,[6]. Therearebasicallythreestepsin thesystem:

– Initialization - here,PrincipleComponentAnalysis (PCA) is usedto provide an
approximationto thecurrentobjectpose.
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– PoseEstimation- To estimatethetruepose,theinitializationstepis followedby a
local®tting methodthatusesageometricmodelof theobject.Thisis madepossible
by thefactthatwedealwith anobjectthathasalreadybeenrecognizedandthusits
modelis known. Themethodusedherewasproposedin [8].

– PoseTracking - If theobjector thecamerastartto move,thesystemwill providea
real–timeestimateof theobjectpose.Again, themethodproposedin [8] is used.

It hasbeenshown in [20] thatvisuo-motoractionssuchasgrasping,usetheactualsize
of theobjectandthatthepositionandorientationarecomputedin egocentricframesof
reference.Thus,humanreachingmovementsareplannedin spatialcoordinates,not in
joint space.If anaccurateposeof thetargetis availabletogetherwith agoodarmmodel
(which is truein our case),onecanusetheideasproposedin [19] to generatehuman–
like arm trajectories.In our case,both IBVS andPBVS areusedasdemonstratedin
[5].

3.4 Homography basedmatching

Usinga storedimagetakenfrom thereferenceposition,themanipulatorcanbemoved
in sucha way that the currentcameraview is graduallychangedto matchthe stored
referenceview (teach–by–showingapproach).Accomplishingthis for generalscenes
is dif®cult, but a robustsystemcanbemadeundertheassumptionthat theobjectsare
piecewise planar. In our system,a wide baselinematchingalgorithm is employed to
establishpoint correspondencesbetweenthecurrentandthereferenceimage[12]. The
point correspondencesenablethe computationof a homographyH relating the two
viewswhich is thenusedfor 2 1/2Dvisualservoing.

4 Grasping

The following sectionsgive a shortoverview of thecurrentgraspingstrategieswhere
tactile and force-torquefeedbackare considered.The graspingsystemis still in its
initial phaseanddoesnot performany intelligent graspplanning.The main objective
herewasto designa systemwhich will beableto performa graspevenif theposeof
theobjectis notperfectlyknown.Therefore,thecurrentimplementationconsidersonly
powergrasps.

4.1 Grasp modeling

After thearm(hand)is alignedwith theobject,graspingcanbeperformed.Usingthe
availableposeestimateandtactile feedback,thegraspingsystemcompensatesfor mi-
nor errorsin the poseestimate.The graspingstrategy is formulatedusing®nite state
machines(FSM) [14]. Using thegeneralideaproposedby [15], thebasicstates,qi of
a FSM areshown in Fig.3. Thesestatesbasicallymimic the humangraspingproce-
dure.In addition,Fig.3 shows theactions,ai , neededto executethegrasp.Also, basic
conditions,ei underwhich theactions,ai arerunningareoutlined.

For thecontrolof grasping,ourthree–®ngeredBarretthandhasbeenequippedwith
two typesof tactilesensors.Thepalmis equippedwith atouchpadfor detectionof palm
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Fig.3. Left) Minimized abstractrepresentationof the graspingprocess,and Right) XR4000
equippedwith an eye±in±handcamera,stereohead,JR3force±torquessensor, andBarrethand
with tactilesensors.

contacts.In addition,eachlink of the three®ngershave basicsensorsfor detectionof
contact.In addition,thearmhasaforcetorquesensorfor overallsensingof handforces.
Thedetailsof thesetuparedescribedin Section5.1.To achieve thedesired�e xibility
of thesystem,ideasfrom behavior–basedplanningwereused,see[13] for details.

5 Experimental evaluation

In thissection,afew examplesarepresentedto demonstratethesystem.Sincethetaskis
given(i.e.“Robot,pick uptheraisins.º), theobjectto bedealtwith is known in advance
aswell asthetransport-align-graspstrategy to beused.This is explainedin moredetail
with eachof theexamples.

5.1 Experimental platform

Theexperimentalplatformis a NomadicTechnologiesXR4000equippedwith a Puma
560armfor manipulation(seeFig. 3). Therobothastwo ringsof sonars,a SICK laser
scanner, a wrist mountedforce/torquesensor(JR3),anda color CCD cameramounted
on thegripper(BarrettHand).On therobotshoulder, thereis a Yorick robotheadpro-
viding a stereovisual input. The palm of the Barretthandis coveredby a VersaPad
sensor. TheVersaPadwasdesignedto beusedasa touchpadona laptop.It reportsthe
following: i) a Booleanvalueif thepadis active (contactoccurred),ii) thecoordinates
of thecontactpoint , andiii) pressureat thecontactpoint. On each®ngerlink, anAn-
droid sensoris placed.It reportsthe pressureappliedon the link. The wrist mounted
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JR3force–torquesensoris hereprimarily usedasa “safety–breakºfor the system:if
thecontactoccurson theVersaPad's “blindº spot,it canstill befelt by theJR3sensor.

5.2 Example1.

This exampleshows thebasicideafor “Robot, pick up theraisinsºtask.Theobjectis
®rst locatedin the sceneusingthe recognitionsystem,seeFig. 4. The objectis poly-
hedraland in this casea homographybasedapproachis usedduring the align step.
Thecurrentimageis comparedwith thestoredimageof theobjectaspresentedin Sec-
tion 3.4.2 1/2D visualservoing is theusedto controlthemotionof therobot.After the
handis alignedwith theobject,anopen–loopgraspstrategy is performedto pick-upthe
object.A few exampleimagesduringservoing ontoandgraspinga packageof raisins
areshown in Fig. 5.

a) b) c) d)

Fig.4. a) andb) Imagesobserved by the left andright headcamera,respectively. Thewindows
show thepositionof theraisinspackageestimatedby therecognitionsystem.c) imageobserved
by theeye±in±handcamera,andd) destinationimageusedfor 2 1/2D visualservoing.

Fig.5. A few exampleimagesduringservoing ontoandgraspinga packageof raisins.

5.3 Example2.

Fig.6showsanexamplewheremodel-basedposeestimation/trackingsystemis usedto
estimatethecompleteposeof theobjectandthenalign thegripperwith it. After that,
thetheobjectcanbegrasped.Sincethemodelof theobjectis available,it is enoughto
useonecameraduringthewholeservoingsequence.
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Fig.6. The basic idea of our approach:after the object is recognized,2D tracking is usedto
approachtheobject.After that,theappearancebasedapproachfollowedby a local �tting stage
is usedto estimatethecurrentposeof theobject.After that,simplegraspingcanbeperformed.

5.4 Example3.

Fig. 7 shows the imagepositionof two exampleobjects(a sodabottle anda cleaner
item) estimatedby the visual recognitionsystem.Using the knowledgeof the head
cameraintrinsic andextrinsic parameters,anapproximate3D positionof theobjectis
estimated.It is assumedthat theobjectis in verticalposition.Thearm is thenaligned
with theobjectsothat thepalmof thehandis facingtheobject,seeFig.8.Finally, the
handis movedtowardstheobjectin thedirectionorthogonalto thepalmplane.

a) b) c) d)

Fig.7. a)andb) Thepositionof a sodabottle,andc) andd) thepositionof acleanerbottlein left
andright headcameraimagesestimatedby therecognitionsystem.

a) b) c)

Fig.8. a) Approachingthebottle,b) Grasping,andc) Lifting.
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5.5 Example4.

Fig.9 shows an examplegraspingsequencewherethe Android sensorson the hand's
®ngersareusedduringgrasping.Here,a contactwith oneof the®ngersoccursbefore
thecontactwith thepalm.Thehandis drivenin thehorizontalplaneto centertheobject
insidethehand.Thehandis moveduntil contactwith eachof the®ngersis reported.If
no contactis reportedfrom oneof thesensors,theprincipledescribedin theprevious
experimentis used.

Fig.9. Graspinga cleanerbottle(seetext for detaileddescription).

6 Conclusionsand Future work

We have discussedmajorbuilding blocksof a typical manipulationtasksin termsof a
servicerobot.AssumingatasksuchasºPickupthecupfrom thedinnertableº,wehave
presenteda numberof differentvisual systemsrequiredto accomplishthe task.The
classicaltransport-align-graspstrategy wasusedto choosebetweenavailablefeedback
systems.Both visualandtactilefeedbackwereusedto accomplishthegiventask.

In termsof imageprocessingusedduringthetransportationstep,wehavepresented
a recognitionsystemwhich providesa positionestimateof theobject,anda 2D track-
ing systemusedto keepthe object in the ®eld of view. For the alignmentstep,two
systemsare available.The ®rst is a model basedtracking systemthat estimatesthe
completepose/velocity of theobject.The secondsystemis basedon cornermatching
andestimateshomographybetweentwo images.In termsof tactile feedback,we have
presenteda graspingsystemthatcurrentlyperformspower grasps.Themainobjective
herewas the designof a systemcapableof compensatingfor minor errorsin object
position/orientationestimatecausedby thevisionsystem.
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