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Abstract. We considertypical manipulationtasksin termsof a servicerobot
frameawork. Givenataskathand,suchas”Pick upthecupfrom thedinnertable”,
we presenta numberof differentvisual systemsequiredto accomplishthetask.
A standardobotplatformwith a PUMA5600n thetopis usedfor experimental
evaluation.The classicalapproad-align-graspideais usedto designa manipu-
lation system.Here, both visual and tactile feedbackis usedto accomplishthe
giventask.In termsof imageprocessingwe startby a recognitionsystemwhich
providesa 2D estimateof theobjectpositionin theimage.Thereaftera2D track-
ing systenis presente@ndusedto maintaintheobjectin the eld of view during
an approachstage.For the alignmentstage two systemsareavailable.The rst
is amodelbasedrackingsystenthatestimateshe completepose/elocity of the
object. The secondsystemis basedon cornermatchingand estimateshomog-
raphy betweentwo images.In termsof tactile feedbackwe presenta grasping
systemthat, at this stage performspower grasps.The main objective hereis to
compensatéor minorerrorsin objectposition/orientatiorestimatecausedy the
vision system.

1 Intr oduction

Roboticvisual serwing andmanipulationhasreceived signi®cantattentionduring the
pastfew years.Still, mostof the existing systemsely on onevisual senoing control
strat@yy or one sensorymodality This commonlylimits the systemto concentraten
oneof the approach-align-graspsteps.t hasbeenpointedout thatone of the key re-
searchareasin the ®eld of visual serwoing is the integration of existing techniques,
regardingboththe estimatiorandcontrol,[1].

In termsof robotic appliancedor servicerobotics,it is of inevitable importance
to obsene the completerobotic task. Assumingbasicfetth—and—carrytasks thereare
varyingdemanddor precisionand degreesof freedomin control dependingon com-
plexity. As proposedn [2], a key to solving robotic hand-ge tasksef®ciently andro-
bustlyis to identify how precisecontrolis neededata particulartime duringtaskexecu-
tion. Therequiredlevel of precisionshouldthenbe matchedwith appropriatesensory
input. Thisis alsooneof themainideaspursuedn our work.

We considetthreelevelsfor anobjectmanipulationsequenceseeFig.1:
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— Transport considersnotionof therobotplatformand/ortherobotarmto thevicin-
ity of the object. From this position, the arm shouldbe able to reachthe object
withoutmoving thebase.

— Alignment of the handwith the objectsuchthata graspcanbe performed.

— Grasping of the objectwhich canbe performedusingtactile feedbaclor in apre-
de®nedopen—loopmanner
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TRACKING
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ANDROID SENSORS
(FINGER CONTACT)
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Fig. 1. Robotcontrol versussensoryfeedbackhierarchy The requiredcompleity andtype of
feedbacldepend®nthe currentstepof amanipulationtask.

Our main goalis to presenta numberof differenttechniqueghat allow robotsto
perform manipulationtasksin real world scenariosaccordingto the above. We will
shav how visual and tactile feedbackcan be usedtogetherwith a numberof visual
senoing stratgjiesto manipulatesimple,everydayobjects.We do not offer a general
solutionfrom a systempoint of view, rathera ®rst steptowardsit. Comparedo our
previous work [3], wherethe main considerationwas the overall control framewvork
andsystemsntegration,herewe concentrat®ntheactualbuilding blocks.In particular
visual andtactile feedbackandunderlyingsernoing stratgyiesare studied.We believe
thatourapproachs relatively easyto build upon- eachof theindividualtechniquesan
easilybe extendedandcombinedto performmorecomplec tasks.Similarly, in human
physiologythereis a differentiationbetweeridenti®cationof the object,balisticmotion
to the proximity of the object,preshapingf thehand,alignmentandinteraction Here,
theidenti®cationandballistic motionarefusedinto a signletaskfor corvenience.

The paperis organizedasfollows. In Section2 basiccontrol stratgjies for visual
senoingarepresentedogethemwith commonlyfacilitatedcamera/roboton®gurations.
In Section3 imageprocessinglgorithmscurrentlyusedin the systemarebrie y pre-
sentedThestratgiesfor usingtactilefeedbackor graspingarediscussedn Sectior4.
Theexperimentaplatformandfew experimentsarepresentedh Sections. And ®nally,
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Section6 discusseshe currentlimitations of the systemandprovidestopicsfor future
research.

2 Visual Sewvoing

In termsof thedesignof visualsenoing systemstherearethreemajorissueghathave
to be consideredi) the choiceof control law, ii) camera-roboton®gurationandiii)
the choicealgorithmsusedto provide the feedbackor the controlloop. We will touch
uponthe ®rst two issuesbrie y in Section2.1 and Section2.2. Section3 outlinesthe
imageprocessinglgorithmscurrentlyavailablein our system.

2.1 Control design

Therearetwo basicapproacheso visual seno control[4]: i) image—basedlisual ser
voing (IBVS) andposition—basedisual senwoing (PBVS).In IBVS, anerror signalis
measuredn theimageandthenmappedirectly to robotmotioncommandsin PBVS,
featuresareextractedfrom theimageandthenusedto computea partialor acomplete
pose/elocity of the object.An erroris thencomputedn the taskspaceandthereafter
usedby the control system.To overcomethe problemsof IBVS and PBVS systems,
several hybrid systemshave beenproposed10], [11]. In general thesesystemsde-
couplethe translationalandrotationalpart of the control signalachiesing the desired
stability of the systemevenfor caseswherethedifferencebetweerthe startanddesired
poseof therobotis signi®cant.In our systemall threestratgjiesareused.

2.2 Camera-RobotCon gurations

Fig. 2 shavs someof the mostcommoncamera-roboton®gurationdypically usedin
visualsenoing systemsln our systemaccordingo the®gure,we areusingacombina-
tion of VM1 andVM4 whichis aspecialcaseof VM5. Theavailablecon®guratiorusu-
ally determineshedesignof thefeedbaclksystemFor example aneye—in—hana¢amera
con®gurationcommonlyrequiresfastimageprocessingsincetheimagechangesith
eachmotion of the arm) aswell asthe e xibility in termsof scale.Sincethereis a
signi®cantdifferencebetweerthe startandthe destinationpose,2 1/2 D approachs
commonlyadoptedcontrol stratgy [10], [12]. A stereostand—alonesystemrequires
lessfeaturesperimageand,for the caseof statictargets theappearancef thefeatures
may remainalmostconstanthroughouthevisualseno sequence.

Thereare numerousexampleswhereone or the othercontrol approactor con®g-
urationwill performbetter To thatend,we have decidedto usea numberof different
systemandusethemdependingnthetaskathandandatthelevel of detail/compleity
neededo performthe giventask.

3 Transportation and Alignment

Thefollowing sectiongyive ashortoverview of theimageprocessingnethodsurrently
exploitedin thesystem.



4 DanicaKragicetal.
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Fig. 2. Most commoncameratroboton gurations:monoculareye+inthandmonocularstand+
alone,binoculareyezinthand binocularstand+alonendredundantamerasystem.n our sys-
tem,we areusinga combinationof VM1 andVM4 which is a specialcaseof VM5.

3.1 Recognition

The objectto be manipulateds ®rst recognizedusingthe view-basedSVM (support
vectormachine)systempresentedhn [7]. Therecognitionstepdeliverstheimageposi-

tion andapproximatesizeof theimageregion occupiedoy the object.Thisinformation

is thenusedi) eitherby thetrackingsystento trackthe partof theimage,the window

of attention occupiedby the objectwhile the robotapproaches, or ii) by the stereo
systemto provide aroughestimateof the object's 3D position.Recentresearcton hu-

manvision hasclearly demonstratedhat re-cognition of prior known objectscan be

ef®ciently modeledasa view basedorocesd16], [17], which motivatesour useof an
SVM basedapproacho recognition.

3.2 Regiontracking

Our tracking systemis basedon integrationof multiple visual cuesusingvoting, [5].
The visual cuesusedare motion, color, correlationand intensity variation. Cuesare
fusedusingweightedsuperpositionandthe mostappropriateactionis selectedaccord-
ing to awinnertake-all strat@y. The advantageof the voting approacHor integration
is the factthatinformationof differentcuescanbe easilycombinedwithout the need
for explicit modelsasit is for exampleis the casein Bayesiamapproached.ots of per
ceptualexperimentssupportthe ideathat whenit comesto aspectf visual scenes,
peoplemostlikely mentioncolor, form and motion asbeing quite distinct. Thereis a
believe thatinformationaboutform, color, motionanddepthis processedeparatelyn
thevisualsystemHowever, it hasalsobeenshovn thatthe segregationis not complete
andthereis across-talkamongdifferentcues[18].

3.3 Poseestimation and tracking
Our model-basedrackingsystemintegratesthe useof both appearancbasedandge-
ometricalmodelsto estimatethe positionand orientationof the objectrelative to the

camera/robotoordinatesystem[6]. Therearebasicallythreestepsin thesystem:

— Initialization - here,Principle ComponentAnalysis (PCA) is usedto provide an
approximatiorto the currentobjectpose.
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— PoseEstimation- To estimatethe true pose theinitialization stepis followedby a
local ®tting methodthatusesageometrianodelof theobject.Thisis madepossible
by thefactthatwe dealwith anobjectthathasalreadybeenrecognizedandthusits
modelis known. The methodusedherewasproposedn [8].

— PoseTradking - If theobjector the camerastartto move, the systemwill providea
real-timeestimateof the objectpose. Again, the methodproposedn [8] is used.

It hasbeenshawn in [20] thatvisuo-motoractionssuchasgraspingusethe actualsize
of theobjectandthatthe positionandorientationarecomputedn egocentricframesof
referenceThus,humanreachingmovementsare plannedin spatialcoordinatesnotin
joint spacelf anaccurateposeof thetargetis availabletogethemwith agoodarmmodel
(whichis truein our case) ponecanusetheideasproposedn [19] to generatdhuman—
like arm trajectories.In our case,both IBVS and PBVS are usedas demonstratedh

(5]

3.4 Homography basedmatching

Usinga storedimagetakenfrom thereferenceposition,the manipulatorcanbe moved
in sucha way thatthe currentcameraview is graduallychangedo matchthe stored
referenceview (teath—by—showingpproach) Accomplishingthis for generalscenes
is dif®cult, but a robust systemcanbe madeunderthe assumptiorthatthe objectsare
piecavise planar In our system,a wide baselinematchingalgorithmis employed to
establistpoint correspondencdsetweerthe currentandthe referencémage[12]. The
point correspondencesnablethe computationof a homographyH relating the two
viewswhichis thenusedfor 2 1/2D visual senoing.

4 Grasping

The following sectionsgive a shortoverview of the currentgraspingstratgieswhere
tactile and force-torquefeedbackare consideredThe graspingsystemis still in its
initial phaseanddoesnot performary intelligentgraspplanning.The main objective
herewasto designa systemwhich will be ableto performa graspevenif the poseof
theobjectis not perfectlyknown. Thereforethe currentimplementatiorconsidersonly
power grasps.

4.1 Grasp modeling

After the arm (hand)is alignedwith the object,graspingcanbe performed.Usingthe
availableposeestimateandtactile feedbackthe graspingsystemcompensatefor mi-
nor errorsin the poseestimate.The graspingstratgy is formulatedusing ®nite state
machinegFSM) [14]. Usingthe generalideaproposedoy [15], the basicstatesg; of
a FSM are shown in Fig.3. Thesestatesbasicallymimic the humangraspingproce-
dure.In addition,Fig.3 shavs the actions,a;, neededo executethe grasp.Also, basic
conditions,g underwhichtheactionsa arerunningareoutlined.

For the control of graspingourthree—®ngereBarretthandhasbeenequippedwith
two typesof tactilesensorsThepalmis equippedvith atouchpadfor detectiorof palm
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g0  Hand opened

gl  Approaching towards object

g2  Checking sensors

g3  Grasping binocular
vision

g4 Hand closed

g5  Checking grasp quality

es/a0 g6  Optimum grasp

q7 Object lifted Yorick head —

a0  Open hand

al  Movearm force torque
a2  Check sensors sensor
a3  Close hand eye in hand
a4  Check grasp quality camera
a5  Lift object

e0  Good contact Barret hand
el No good contact

e2 Good grasp
e3 No good grasp or
No object grasped

Fig. 3. Left) Minimized abstractrepresentatiorof the graspingprocess,and Right) XR4000
equippedwith an eyetinthandcamerastereohead,JR3forcettorquesensorandBarrethand
with tactilesensors.

contactsln addition,eachlink of the three®ngershave basicsensordor detectionof
contactln addition,thearmhasaforcetorquesensofor overallsensingdf handforces.
The detailsof the setuparedescribedn Section5.1. To achieve the desired e xibility
of the systemjdeasfrom behaior-baselanningwereused see[13] for details.

5 Experimental evaluation

In thissection afew examplesarepresentedo demonstratéhesystem Sincethetaskis
given(i.e.“Robot, pick up theraisins?), theobjectto bedealtwith is known in advance
aswell asthetransport-align-grasstratey to beused.Thisis explainedin moredetail
with eachof theexamples.

5.1 Experimental platform

The experimentabplatformis a NomadicTechnologies<R4000equippedvith a Puma
560armfor manipulation(seeFig. 3). Therobothastwo rings of sonarsa SICK laser
scannera wrist mountedforce/torquesensoi(JR3),anda color CCD cameramounted
onthegripper(BarrettHand).On therobotshoulderthereis a Yorick robotheadpro-
viding a stereovisual input. The palm of the Barretthandis coveredby a VersaRd
sensorTheVersaPadwasdesignedo beusedasatouchpadonalaptop.it reportsthe
following: i) a Booleanvalueif the padis active (contactoccurred),i) the coordinates
of the contactpoint, andiii) pressuretthe contactpoint. On each®ngerlink, an An-
droid sensolis placed.It reportsthe pressureappliedon the link. The wrist mounted
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JR3force—torquesensolis hereprimarily usedasa “safety—breakfor the system:if
the contactoccurson the VersaRd's “blind® spot,it canstill befelt by the JR3sensar

5.2 Examplel.

This exampleshaws the basicideafor “Robot, pick up theraisins®task. The objectis
®rst locatedin the sceneusingthe recognitionsystem seeFig. 4. The objectis poly-
hedralandin this casea homographybasedapproachis usedduring the align step.
Thecurrentimageis comparedvith the storedimageof the objectaspresentedn Sec-
tion 3.4.2 1/2 D visualsenwing is theusedto controlthemotionof therobot. After the
handis alignedwith the object,anopen—loograspstrateyy is performedo pick-upthe
object.A few exampleimagesduring serwing onto andgraspinga packageof raisins
areshavn in Fig. 5.

()

RUSSIN

Fig. 4. a) andb) Imagesobsered by the left andright headcamerarespectiely. The windows
shaw the positionof theraisinspackageestimatedy the recognitionsystemc) imageobsened
by the eyetinthandcameraandd) destinationmageusedfor 2 1/2 D visualserwing.

Fig.5. A few exampleimagesduring senoing ontoandgraspinga packageof raisins.

5.3 Example?2.

Fig.6 shavs anexamplewheremodel-base@oseestimation/trackingystemis usedto
estimatethe completeposeof the objectandthenalign the gripperwith it. After that,
thethe objectcanbe graspedSincethe modelof the objectis available,it is enoughto
useonecameraduringthewhole senoing sequence.
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Fig. 6. The basicideaof our approach:fter the objectis recognized 2D trackingis usedto
approachthe object. After that,the appearancbasedapproacHollowed by alocal tting stage
is usedto estimatethe currentposeof the object.After that, simplegraspingcanbe performed.

5.4 Example3.

Fig. 7 shavs the imageposition of two exampleobjects(a sodabottle and a cleaner
item) estimatedby the visual recognitionsystem.Using the knowledge of the head
cameraintrinsic andextrinsic parametersan approximate3D positionof the objectis

estimatedIt is assumedhatthe objectis in vertical position.The armis thenaligned
with the objectsothatthe palm of the handis facingthe object,seeFig.8. Finally, the

handis movedtowardsthe objectin the directionorthogonako the palmplane.

Fig. 7. a)andb) Thepositionof a sodabottle,andc) andd) the positionof a cleanerottlein left
andright headcameramagesestimatedy therecognitionsystem.

Fig. 8. a) Approachinghebottle,b) Graspingandc) Lifting.
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5.5 Example4.

Fig.9 shavs an examplegraspingsequencevherethe Android sensoron the hands
®ngersare usedduring graspingHere,a contactwith oneof the ®ngersoccurshefore
thecontactwith the palm.Thehandis drivenin the horizontalplaneto centerthe object
insidethe hand.The handis moveduntil contactwith eachof the ®ngersis reported If
no contactis reportedfrom oneof the sensorsthe principle describedn the previous
experimentis used.

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

6 Conclusionsand Futur e work

We have discussednajor building blocksof a typical manipulationtasksin termsof a
servicerobot.Assumingatasksuchas®Pickupthecupfrom thedinnertable® we have
presentedh numberof differentvisual systemsrequiredto accomplishthe task. The
classicatransport-align-grasgtratgly wasusedto choosebetweeravailablefeedback
systemsBoth visualandtactile feedbackvereusedto accomplishthe giventask.

In termsof imageprocessingisedduringthetransportatiorstep,we have presented
arecognitionsystenwhich providesa positionestimateof the object,anda 2D track-
ing systemusedto keepthe objectin the ®eld of view. For the alignmentstep,two
systemsare available. The ®rst is a model basedtracking systemthat estimateshe
completepose/elocity of the object. The secondsystemis basedon cornermatching
andestimateshhomographypetweenwo images.In termsof tactile feedbackwe have
presentec graspingsystemthat currentlyperformspower graspsThe main objective
herewasthe designof a systemcapableof compensatindgor minor errorsin object
position/orientatiorestimatecausedy thevision system.
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