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ABSTRACT

In this dissertationyve presenta novel approacho workcell designfor enhanceger
formanceof industrial robot manipulatorsjn which the workcell featuresa speciallyin-
tegratedsensometwork. In contrastto traditional robot workcells, in which the role of
ervironmentalsensorgif presenttall) is relatively in e xible andtightly focusedon a spe-
ci ¢ task,the sensometwork performsreal-timedynamicsensingof the entire workcell.
The systemis designedo make useof "off the shelf” componentsandto integratewith
the existing industrialrobot controller in orderto allow the manipulatorto performmore
dynamicoperationdn a lessstructuredworkcell. Details of the novel sensometworked
workcellandexperimentswith anindustrialrobotarepresentedh thiswork. Basedonthis

experimentalplatform,we conductedesearchn thefollowing threeaspects:

1. Visualsensingor roboticshasbeenaroundfor decadeshut our understandingf a
timing modelremainscrude.By timing model,we referto thedelays(processindgag
andmotionlag) betweert'reality” (whena partis sensed)throughdataprocessing
(the processingf imagedatato determinepart position and orientation),through
control (the computationand initiation of robot motion), through“arrival” (when
therobotreacheghe commandedjoal). In this work we introducea timing model
wheresensingandcontroloperateasynchronouslye applythis modelto arobotic
workcell consistingof a Staubli RX-130industrialrobot manipulatoy a network of
six camerador sensing,and an off-the-shelfAdept MV-19 controller We present

experimentdo demonstratéow themodelcanbeapplied.

2. Allowing dynamicmotionsfor payloadswithin aworkcell is a fundamentallynovel
ideafor practicalindustrialrobots. The ability to handlepayloadsmoving in semi-
structuredvayswouldsigni cantly increasehepotentialmarketsfor industrialrobotics.

In this paperwe proposeagenericdheoryto modelthedynamicinterceptandmanip-



i
ulationcapabilityof vision basedndustrialrobotsystemsin orderto verify thethe-
ory, we presentexperimentsusingour industrialworkcell prototypeto dynamically
interceptand manipulatesemi-randomlymoving objects. We conductexperiments
over 1000runswith two differentkinds of dynamictasks,“scoop” and“trap.” The

experimentakesultsvalidateour theory

3. Whenwe describedynamicmanipulationrabove, we focusonthedynamicproperties
of the objects.In thelastpartof this work, we addanothewvariability to the dynamic

manipulationby usinga e xible endeffector.

Keywords: cameranetwork, industrialrobots,workcell, timing model,

dynamicmanipulation
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Chapter 1

Intr oduction

Industrialmanipulatorsaareincreasinglybeingappliedacrossa wide rangeof applications.
A typicalapproachfor a givenapplication s to designaworkcellaroundthe manipulatoy
in awaythatmatcheghecapabilitiesof therobotto theneedf thetask. Theworkcellmay
featurespecializedsimple sensorgfor examplecontactsensorgo signaleventsrequiring
new actionsof the manipulatorsand/orsurroundingperipherals]1]. In somecasesmore
"general”’ sensorsuchascamerasnay be usedto recognizethe locationof type of items
to be manipulated.This modehasproven effective in a numberof applicationancluding
the electronicsandautomobilendustries.

However, the above approachs in fact quite restrictve, severely limiting the number
andtype of applicationsaccessibléo robot manipulatordoday In essencetoday's robot
manipulators’succeed”becauseheir environmentsare carefully engineeredo present
themwith carefully structuredandregulatedervironments.Many applicationswhich po-
tentialcustomer®of theroboticsindustrywould lik e automatedemaininaccessiblelueto
theinability to "engineerout” uncertaintie@ndimperfectionsn theprocesssuchaswires
andtextiles. Robotindustry professionalavould like a more effective way to integrate

sensorsnto robotworkcellsto allow theaccomplishmendf moreunstructuredasks.
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Recentadwancesin the merging of sensorsvith manipulatorsystems suchasthose
suggestedor visual serwing [2], offer promisefor improving the effectivenessof robot
workcells. However, the issueof sensing,n real-time,unexpectedor hard-to-modekn-
vironmentaleffects (suchasthosefound in manipulating e xible objects)remainsa key
problem.We areinvestigatinga novel solutionto this problem.The key componenbf the
systemis a network of camerasembeddedn the workcell which canprovide the contin-
uousvisual guidanceto the robot. Using this cameranetwork, the manipulatorcanreact
in real-timeto dynamiceffectsin the workspacepotentiallyopeningup a signi cant new
rangeof applicationdor industrialrobots.

In the mechatronicdab at ClemsonUniversity, we have constructeda prototypeto
researchhe viability of this "many-eyed” workcell. In chapter2, we describesolutionsto
theproblemsof cameranetwork placementmulti-videostreanprocessinggalibration,and
differencamaging. We alsopresentiow to adapta corventionalindustrialrobotcontroller
to reactto real-timeexternalsensorydata,in translatiorandorientation.

Visual sensingfor roboticshasbeenaroundfor decadeshut our understandingf a
timing modelremainscrude.In generalyisualsensingobotsystemdave severaldelays.
Here we refer to the delays(processingag and motion lag) between‘reality” (whena
partis sensed)throughdataprocessingthe processingf imagedatato determinepart
positionandorientation) throughcontrol (the computatiorandinitiation of robotmotion),
through*“arrival” (whenthe robot reachegshe commandedjoal). Compensatindor the
delayshasbeena key problemthat mary researcherproducedmary differentsolutions
[10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20]. However, they all just provided a methodto
accomplisha speci c taskfor their speci ¢ system.Basically they arenot generalizable.
Therefore,in chapter3 we introducea timing model for the systemwherethe camera
is usedto provide the desied or refelencepositionto the internalrobot controller We
alsoappliedthis timing modelto our prototypeandlet the manipulatorinterceptconstant

velocity moving objects.
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While we useinterceptionof constantvelocity moving objectsto validateour generic
timing model, the goal of our researchis actually aiming towardsdynamicmanipulation
of more generallymoving objects. The idea of dynamicmanipulationhasbeenaround
for decadesTherearequite a few researcheravho have developedthe basicmodelsand
conductedexperimentgo investigatethe potentialfor automatingasks,suchasthrowing,
hitting, tapping, toppling, etc[26, 27, 28, 29, 30, 31, 33, 20, 19, 34]. However, asfar
aswe know, allowing dynamicmotionsfor payloadswithin a workcellis afundamentally
novel ideafor practicalindustrialrobots. The ability to handlepayloadsmoving in semi-
structuredwayswould signi cantly increasehe potentialmarketsfor industrialrobotics.
Therefore,in chapter4, we proposea generictheoryto modelthe dynamicinterceptand
manipulationcapability of vision basedindustrial robot systems. In orderto verify the
theory we presenexperimentausingour industrialworkcell prototypeto dynamicallyin-
terceptandmanipulatesemi-randomlynoving objects.We conductexperimentover 1000
runswith two differentkinds of dynamictasks,‘scoop” and“trap”

Finally we concludedhis dissertationn chapter6.



Chapter 2

The SystemAr chitecture of Workcell

and Robot Motion Planning

2.1 CameraNetworkedWorkcell

Corventionalindustrialmanipulatiormakeslimited useof machinevision. A commonim-
plementatiorplacesacameranthechassiof arobotnearits end-efector. Thisplacement
allows close-upsensingof objectsundermanipulation.Anothercommonimplementation
placesa cameraoverlookinga pick-and-placeposition. This placemengllows sensingo
helpinitiate or relinquisha grasp with theassumptiorthatthe motionin-betweerdoesnot
needobsenation. Suchis the casefor instancejf thegraspis rm, theobijectis rigid, and
nothingelseis in the pathof thetransport.

We are building an advancedmachinevision systemfor a modernindustrial robot.
The key ideais to usea network of camerago continuouslyobsene the entire workcell.
By observingthe entiremanipulationthe network will provide feedbacko adjustgrasps,
paths andgoalpoints.For instancepartsdeliveredon ahangingchainmightbegraspedn
the presencef unpredictablesway. If a personor unexpectedobjectenteredheworkcell,

the robot might be halted. If a partwasto be af x ed during a heat-chang@rocessthe
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location might be adjustedto compensatdor shrinkage. Most importantly all of these

scenariognight be enactedisingthe samehardwarecon guration.

2.1.1 Robot

For thiswork, we chosea six-axisStaubliRX-130industrialrobotmanipulator The Staubli
is anideal choicesinceit is a relatively high speedandhigh precisionrobot, featuringa
cornventionalrobot controller The group at Clemsonhave establishedh close working
relationshipwith Staubli(whoseU.S.headquarterarelocatedin nearbyDuncan,S.C.)in
the pastfew years. To allow the resultsof the researcho be applicableto conventional
industrialrobots,we electedto utilize the standardcontrollerfor the robotand”build on
top” of the existing platform. Detailsof the additionalfeaturesaddecto allow therobotto

respondo interruptsfrom the sensometwork aredetailedin section3.

2.1.2 Cameraplacement

We desirea cameranetwork that can obsere the entire workcell simultaneously The
naturalcon gurationto satisfythis goal placesthe camerasn the boundaryof the work-
cell, looking towardsthe robot. The boundaryof a typical workcell is the revolution of a
paraboloid. As an approximationwe constructech cubesurroundingthe workcell. The
cubeis cmwideand  cmtall, extending50 cm beyondthe horizontalextent
of theworkcell and 100 cm beyondthe vertical extent of the workcell. This con guration
allows a deepewerticalperspectie, while someavhatlimiting therequired oorspace.
Thickerindustrialframing( cm)onthefour verticaledgesupportghinnerindus-
trial framing ( cm) on the four top edgesof the cube. Two additionalstrutsof the
samesizearemountedon top of the cubeandcanbe slid backandforth (seeFigure?2.1).
Two sidesof the top areanchoredo nearbywalls. A single Hirose cablecarriespower,

video,anda syncingsignalto eachcameraandis embeddedn theframing. Eachcamera
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Figure2.1: Workcell con guration.

weighsl140grams,anddoesnotsigni cantly e x thestructure.Thiscon gurationis rigid
in the presencef moderatevibrationsuchascouldbe expectedon afactory oor .

Thecameraganbeplacedonary partof theindustrialframing. Themountsslideback
andforth alongeachstruct,sothata cameracanbe positionedanywhereon thetop of the
cube,andanywhereon thefour vertical edgesof the cube. This leavesthe vertical planes
of theworkcell openfor additionalautomatiorequipmentsuchascorveyors.

Sitting on one side of the workcell is the robot controller power supplies,and com-
puting hardware necessaryo procesghe video feeds. Figure 2.2 shaws a picture of our

prototype.

2.1.3 Processing

Processingiideo from multiple camerass inherentlyparallel. A sharedmultiprocessor
(SMP)architecturgrovidesanappealingplatformfor this problem.Preprocessintpr the
individual camerastreamscanbe split amongprocessorgxecutingnearlyidenticalcode,
while datafusion for a combinedresultaccessethe samememory At the time of this

writing, 2-way SMPsarecommonlymanugcturedor desktopuse,andup to 8-way SMPs



Figure2.2: Constructegrototype.

arecommonlymanufcturedor seneruse.Our prototypeusesan8-way CompadProliant
8500R.We have obsened nearlinear speedupon simple processingoperationssuchas
imagedifferencing(seeSection2.1.9.

Two Imaging TechnologyPC-RGBframegrabbersaareusedto capturemagesfrom six
Sory XC-75greyscaleCCD camerasA verticalsyncingsignalgeneratedhternallyby one
of thecamerass ampli ed anddistributedto all thecamerasThesix imagesarecaptured
simultaneouslysingthetrick of wiring eachmonochromesignalto oneof thered, green,
or blueinputsof eachof thetwo framegrabbers.

Two limitationsin our prototypeareapparentFirst,thechosercomputerdoesnothave
anAGPbus,sothatimagedisplaymustusethe PCl bus. Imagedisplaythereforecompetes
with the throughputof framegrabbingand main memoryaccesdor processing.Second,
thecameraandframegrabberoperateat thestandardN TSCrateof 30 framespersecond.
Thisintroducesa minimumdelayof 33 msbetweenr’reality” and”reaction”.

In [3], we describedanalgorithmfor computinga real-timeoccupang mapfrom mul-

tiple video streams.The prototypedemonstrateéh thatwork acheved a throughputof 5
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Hz, creatinga 2D mapfrom 4 camerasisinga uniprocessosystem.Our currentwork is
focusedon extendingthe algorithmto a 3D map, and expandingthe numberof cameras
andprocessorsWe arepredictingthatour prototypedescribedhereinwill beableto create

an mapof spacean theworkcellat 30 Hz.

2.1.4 Calibration

Camereacalibrationis the proces®of determiningacamerasinternalparameterssuchasthe
focalpointandlensdistortion,andtheexternalparameterssuchaspositionandorientation.
Theseparametersodelthe cameran areferencesystemn the spacebeingimaged often
calledworld coordinates.Oncecalibrated,a cameras 2D imagecoordinatesnapto 3D
raysin world coordinates.

The standardcameracalibrationprocesshastwo steps. First, a list of 2D imageco-
ordinatesandtheir correspondin@8D world coordinateds established.Second a set of
equationausingthesecorrespondences solvedto obtaina cameramodel.

A calibrationtargetis commonlyusedto establishcorrespondence3hetargetis con-
structedsothatits identi cation in imageryis simpli ed. Thetargetis placedin thescene
sothatits world coordinatesreeasilymeasuredOftenthe calibrationtargetitself de nes
theworld coordinatesystem A commoncalibrationtargetis a grid. Multi-camerasystems
canbe calibratedto a commoncoordinatesystemby viewing the samegrid [6].

Calibratingcamerado obsenre an entireworkcell posesa uniqueproblem. The robot
is permanentlymountedn the middle of theworkcell, whichis ideally wherea calibration
tagetwould be placed.Theredoesnot seenmto be a simpleway to acquirea large number
of calibrationpointsby capturinga singleimagepercamera.

To overcomethis problemwe usethe endeffector of therobotasthe calibrationtarget.
Therobotis movedto a numberof positions,64 in our prototype. At eachposition,the

image-locatiorof the endeffectoris addedto alist of pointsfor eachcamera.lf the end-
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effectoris notvisiblein aview, thatpointis ignoredfor thatcameraTheworld coordinates
of eachpoint aretakenfrom therobotcontroller

Locating an arbitrary end-efector in an arbitrary imageis not trivial. For instance,
paintinga targetwith a bright color is not sufcient. Figure2.3 shovs anexampleimage
from oneof thecamerasn ourprototype.No provisionsweretakento clearclutterfromthe
backgroundShroudingheworkcellunderdarkcloth,andusingcontrolledlighting, would
simplify this problem. However, we ervision thatthis con guration would be dif cult to

maintainon a commonfactory oor.

Figure2.3: Backgrouncclutterexpected.

To overcomethis problemwe constructeda blinking light for a calibrationtarget. A
sphericallightbulb was paintedblue to reducesurfaceglare and mountedto the end ef-
fector A simplecircuit alternatepower to the lightbulb, turningit on andoff ata x ed
rate. Cumulatve differencingof the scenerobustly locatestheimagepositionof thelight-
bulb. Figure2.4 shavs anexampleview of thelightbulb poweredon, poweredoff, andthe

cumulatve differencemage.



Figure2.4: Differencingto locateblinking lightbulb calibrationtarget.

After usingour methodgo establisha setof correspondencesie usethecameramodel
andnon-coplanasolutionmethodintroducedby Tsai[4, 7]. We have foundit to berobust
for avarietyof industrialandcommerciacamerasandlensesandadependablenplemen-
tationis publically available[8].

The entire calibrationprocesdor our prototyperequiresonly a single startcommand

from the operatoyandcompletesn approximately2.5 minutes.

2.1.5 Differencelmaging

Differenceimagingis a commonimageprocessingperation.It quickly revealsthe loca-
tions of objectsthat have shiftedposition. Differenceimagingin anentireworkcell poses
a uniqueproblem. The robot is constantlymoving throughoutthe workcell. Ideally, a
backgroundmagefor differencingwould be acquiredwhile therobotwasabsent.This is
obviously impractical.

To overcomehisproblemwe createabackgroundmageusingacollagetechnique The
robotis movedto a seriesof positionswhich revealall visible portionsof the background
for eachcamera At eachposition,thejoint anglesof therobotarereadfrom thecontrollet
Usingtheseanglesa modelof the robotis constructedportrayingeachof the majorlinks
asacylinder. This modelis thenusedvia ray intersectionto determinewhich pixels are
obstructedby the robot, and which pixels seethe background. The sequencef partial
imagesis then combinedto producea single collage background. Figure 2.5 shavs an

examplefor theview depictedn Figure?2.3, createdby combiningfour images.



Theprocesdor creatingthecollagebackgroundmagedor our prototyperequiresonly

asinglestartcommandrom the operatoyandcompletesn approximatelythirty seconds.

2.2 Robot Motion Planning

The Staublirobot can, in principle, move to ary positioninside its workspacejust the
"move A” command(whereA is an arbitrary point) in the standardcontroller The exe-
cution of this commands simple and smooth. However this commandrequiresthat the
robot nish a x edtask[5]. Theexecutionof this commandcannotbe interruptedin the
motionandallow therobotto move to somenew position. Frompointof view of thework
discussedhere,therobotwill berequiredto changdts trajectoryin realtime basedon the
vision feedbacksowe needrealtime interruptprogrammingof the Staublirobot. We use
the Alter command(an additionaloption availableasan additionto the existing standard

V+ language}o implementthis. The useof the Alter commands summarizedelow.
Alter () DX, DY, DZ, RX, RY, RZ

Whenthe Alter commands enabledthisinstructionwill beexecutedonceduringeach
trajectorycircle (every 16 milliseconds).ThiscommandnakestherobottranslateD X, DY,
DZ alongthe X, Y, Z axesandrotateRX, RY, RZ aboutthe X, Y, Z axes. The parameters
canbe setbasedon theworld or tool coordinatesystem.We choosethe world coordinate
systembecausdt is x edandthusmorecorvenient.The Alter commands calledinsidea
loop, which runsthrougheachtrajectorycycle to let the robot reachthe (modi ed) tamget
position.In theorythisis asimple(andverybene cial) extrafeatureof therobotcontroller
however in practiseseveralmodi cations hadto be madeto interruptthe roboteffectively

in realtime.



Figure2.5: Backgrounccollage.

2.2.1 Altering Position

To changegendeffector) positionusingthe Alter command, we needto setthe rst three
parametersDX, DY, DZ. ¢ Fromthe above, we note that Alter commandonly worksin
Cartesiamrspace. However generatingrajectoriesin Cartesianspaceis not desirablebe-
causefor example,partsof the generatedrajectorymay not lie within the workspace A
betterapproachs to generatehetrajectoryin Jointspace However, asthe Alter command
worksin Cartesiarspacethetrajectorygeneratedn the Jointspaceneedgo be corverted

to Cartesiarspace.Thusthefollowing proceduras used:

1. Inversekinematicsis usedto obtainthe joint anglesof the beginning and ending
points.

2. Theintermediatgoint angles betweerthesetwo setsof joint anglesaregenerated
usingthemethoddescribedn the T rajectorygeneration’sectionbelow.

3. Theforwardkinematicsis usedto computethe Cartesiarcoordinate®f every point

correspondingdo the calculatedoint angles.



4. Thedeviation in the Cartesiarspacds the differencebetweenhe calculatedCarte-
siancoordinatesn thepresenstepandthe Cartesiarcoordinatesalculatedn the previous

step.Thisdeviationis usedasthe DX, DY, DZ inputto the Alter instruction.

Trajectory Generation

Thekey objectie of thetrajectorygeneratiorprocedures to make therobotstartandstop
smoothly Also, wheninterruptedtherobotshouldchangerajectorysmoothlyandmove
to thenew goalpoint. Thetrajectorygeneratiorcanbedividedinto threecases]l) smooth
start,2) in caseof interruption3) smoothstop. If therobotis notinterruptedthe standard
trajectorygeneratiomroutineoperatesn casel andcase3. Whenthereis interruptionfrom
thesensometwork, thetrajectorygeneratiorswitchesto amodi ed versionto handlecase

2, which makestherobotmove to the new goal positionsmoothly

casel: A initial joint angles.B initial joint angles.C  goaljoint angles.
case2: A currentjoint angles(wheninterrupted). B the predictedjoint angles
t tic tbasedntheoldtrajectory C new goaljoint angles.

case3: A currentjoint anglesB goaljoint angles.C  goaljoint angles.

Formulae for Trajectory Generation

C B
when tyee t tacc
h et
q Ct$—°° B h h Bh B B
q Ct:;‘.i B h h -



ho

g Ch B
q +
q

wheret,. Is a constantand t, is the time for smoothstartand smoothstop. The
smallert, is, the fasterthe robot startsandstops. T is the time for the motionfrom the
beginningto the endingpoint. T is setbasedon the distancebetweernthesetwo pointsto

renderthe overall velocity constant.

Example

We demonstrate¢he effectivenessof the above schemeusinganexample. Theinitial joint
anglesare . Thegoaljoint anglesare . The
interruptionoccursatt secondsThenew goaljoint anglesare

(All joint anglesareexpressedn degrees).Theresultingjoint trajectoriesareshovnin Fig-

ure?.6.

2.2.2 Altering Orientation

For real-timealterationsof endeffectororientation extra effort is requiredwhenusingthe
Alter command. Euler anglesare usedto represenbrientationfor the Staubliindustrial
robot. However, theyaw, pitchandroll conventionwasusedin our motionplanning,sowe
needto transformEuler anglesto correspondingaw, pitch androll. Having obtainedthe
initial andgoalyaw, pitch androll, theintermediateyaw, pitch androll betweerthemare
generatedisingthe methoddescribedn the "Trajectorygeneration”sectionabove. The

differencebetweerthe calculatedyaw, pitch androll in the presenstepandthe yaw, pitch
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Figure2.6: InterruptedTrajectory

androll calculatedn the previous step,is usedto computethe RX, RY, RZ input to the
Alter command.

The usualde nition for yaw, pitch and roll, implies the rotation matrix should be
R, Ry Rc. However, the Alter commandworks in the reverseorderRy Ry R, . Here
R« R, R, aretherotationmatrix for rotating aroundthte X axis, aroundtheY axis
and aroundtheZ axis. Hence we cannotdirectly usethe deviation of the yaw, pitch and
roll asRX, RY andRZ inputsto the Alter commandA transformatiormustbe done rst.
In orderto effectthetransformationtwo additionalfunctionswereimplemented Function
#1ltransformsR, R, R toyaw, pitchandroll andFunction#2 calculate}, R, R, from
the givenyaw, pitch androll. Thereforewe canobtain RM; (the desiredrotationmatrix)
from the desiredyaw, pitch androll and RM,  (the previousrotationmatrix thatthe Al-
ter commandmplemented)from the yaw, pitch androll in the lastloop. The following

equationis thensatis ed.



R« R, R RM RM,
Now theproblemis to compute given RM, and RM , where
arethe RX,RY,RZ inputto the Alter command.

R y R, RM RM T
R R ' RM RM'
R, R R RM  RM '

Finally areobtainedusingfunction#1.



Chapter 3

Generic Timing Model for Vision Based

Robot Systems

3.1 Motivation

Figure 3.1 shaws the classicstructurefor a visual senwoing system[9]. In this structure,
a camerais usedin the feedbackloop. It provides feedbackon the actual position of
somethingbeingcontrolled,for examplearobot. This structurecanbe appliedto a variety
of systemsincludingeye-in-handsystemspart-in-handgystemsandmobilerobotsystems.
In aneye-in-handsysten 10, 11, 12, 13, 14], thecameras mountedntheend-efector
of arobotandthe controlis adjustedo obtainthe desiredappearancef anobjector fea-
ture in the camera. Ganglof [10] developeda visual serwing systemfor a 6-DOF ma-
nipulatorto follow a classof unknown but structured3-D pro les. Papanilolopoulos[11]
presentedalgorithmsto allow an eye-in-handmanipulatorto track unknavn-shaped-D
objectsmovingin 2-D space Theobjectstrajectorywaseitheraline or anarc. Hashimoto
[12] proposeda visual feedbackcontrol stratgyy for an eye-in-handmanipulatorto fol-

low acirculartrajectory Corke [13, 14] presentea visual feedforward controllerfor an
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eye-in-handmanipulatorto xate on a ping-pongball thrown acrosshe systems$ eld of
view.

In apart-in-handsystem[15], thecameras x edin apositionto obsere a partwhich
is graspedoy arobot. The robotis controlledto move the partto somedesiredposition.
For example,Starnitzky [15] built a systemto let therobotalign a metalpartwith another
X ed part. Sincethe partis alwaysgraspedoy the manipulator we canalsosaythatthe
partis somethingoeingcontrolled. Or in the otherwords,we cansaythathow the object
appearsn thecameras controlled.

In somemobile robot problems[16], the camerais mountedover an ervironmentto
sensethe actualpositionof the mobile robot asfeedbackio the controller For example,
Kim [16] built amobilerobotsystemto play soccer Thecameras x edoverthe eld and
actsasafeedbackpositionsensor Here,the cameraobsenessomethingwhichis directly
controlled.

All of thesesystemsregardlesof wherethe cameras mountedusethe cameran the
samecontrol structure. In eachcasethe systemregulateshow the objectappearsn the

camera.



In this work, we considerthe problemwherethe cameras usedto provide the desied
or refeencepositionto the internal robot controller Figure 3.2 shavs the structurefor
this system. Thereare several typesof problemsthat t this kind of system,wherethe
objectof interestcannotbe controlleddirectly. For example,imaginearobottrying to pick
up live chickens,or a robot trying to manipulatepartshangingon a swaying chaincon-
veyor. Similar problemshave beeninvestigatedn someworks. Houshang[17] developed
arobotmanipulatorsystemto graspa moving cylindrical object. The motion of the object
is smoothandcanbedescribedy anauto-rgressive (AR) model.Allen [18] demonstrated
a PUMA-560trackingandgraspinga moving modeltrain which moved arounda circular
railway. Miyazaki[19] built a ping pongrobotto accomplishthe ping pongtaskbasedon
virtual tagets.Nakai[20] developedarobotsystemto play volleyball with humanbeings.
Fromthe above systemswe notice thatthe motion of the objectwaslimited to a known
classof trajectoriesIn this work, we seekto extendthis to let therobotfollow anunstruc-
tured(completelyunknawvn) trajectory Thiswill beenabledn partby providing ageneric
timing modelfor thiskind of system.

Our timing model considerghe problemwhereimageprocessingand control happen
asynchronously The task of the robotis to interceptmoving objectsin real-timeunder
the constraintof asynchronousision andcontrol. We arefacedwith the following three

problems:

1. The maximum possiblerate for complec visual sensingand processings much

slowerthanthe minimumrequiredratefor mechanicatontrol.

2. Thetime requiredfor visual processingntroducesa signi cant lag betweernwhen
the objectstatein reality is sensedandwhenthe visualunderstandingf thatobject

state(e.g.imagetrackingresult)is available.We call this the processindag.



work imageprocess- control processing motion
ingrate(HZ) | rate(HZ) | lag(ms) | lag(ms)

Papanilolopoulos et.  al. | 10 300 100 —

[17]

Hashimotoeet. al. [17] 4 1000 - -

Corke andGood[13, 14] 50 70 48 -

Stavnitzky andCapsori15 || 30 1000 - -

Kim et. al. [16] 30 30 90 -

Houshang[17] 5 36 196 -

Allen et. al. [18] 10 50 100 -

Miyazakiet. al. [19] 60 - - -

Nakaiet. al. [20] 60 500 - -

this work 23 250 151 130

Table3.1: Summaryof relatedwork

3. Theslow rateof updatefor visualfeedbackesultsin largerdesiredmotionsbetween
updatesproducinga lag in whenthe mechanicabystemcompleteghe desiredmo-

tion. We call this themotionlag.

Considemproblem#1. A standardlosed-loopcontrolalgorithmassumeshatnew data
can be sensedon eachiteration of control. Commonindustrial camerasoperateat 30
Hz while commoncontrolalgorithmscanbecomeunstableat rateslessthanseveral hun-
dredHz. Complex imageprocessindasks,suchassegmentationposeestimation feature
matching,etc., typically run even slowver than30 Hz, while control problemscanrequire
ratesashigh as1K Hz. In generalthis gapin rateswill not be solved by thetrendof in-
creasingcomputationapower (Moore's Law). As this powerincreasessowill theamount
of desiredvisual processingandso will the complexity of the control problem. In this
work, we proposeo addresshis problemdirectly by modelingthevisualsensingprocess-
ing, andcontrol processeashaving fundamentallydifferentrates,wherethe sensingand
processin@reatleastoneorderof magnitudeslower thanthe control.

Problem#2 is a consequencef the complity of the imageprocessingoperations.

Thereis alwaysalag (processingag) betweerreality andwhentheresultfrom processing



a measuremenf the objectstateis available. In a high-speede.g. 1 KHz) closed-loop
control, this lag canusually be ignored. But asthe processingcompleity increasesa
non-ngligible lagis introducedbetweenvhentheimagewasacquired(the objectstatein
reality) andwhentheimageprocessingesultis available(e.g. estimateof objectposition).
We incorporatean estimateof the processindag directly into our timing model.

Problem#3 is alsoa consequencef the slow rate of visual sensingand processing.
In a high-speecdtlosed-loopcontrol, the motion executedbetweeniterationsis expected
to be smallenoughto be completedduring the iteration. The motionlag (time it takesto
completethe motion) is consideredhagligible. But asthe sensingrate slows, the tracked
objectmovesfartherbetweeniterations,requiringthe mechanicakystem(e.g. robot) to
alsomovefartherbetweeriterations.As aconsequencét, is possibleto have a systenthat
hasnot completedthe desiredsetpoint motion prior to the next iteration of control. We
addresshis problemby directly incorporatinganestimateof themotionlaginto ourtiming
model.

Table3.1 presenta summaryof how previousworkshave featuredandaddressethese
threeproblems.Fromthis tablewe notethatthe rst two of thethreeproblemshave been
addressetb someextentin previousworks. However, no work appearso have explicitly
consideredproblem#3. All of theseworks neglect the motion time (motion lag) of the
robot. Onework [18] notedthis problemandusedan predictorto compensate
for it insteadof explicitly modelingit. None of theseworks hasconsideredhe generic
modelingof this type of system.

Someworks synchronizedhe imageprocessingateandcontrolfrequeng for amore
traditionalsolution. In [10], the frequeng of visual sensing processingandcontrolwere
all setto 50HZ. Basically thecontrolfrequeny wassynchronizedo theimageprocessing
ratefor simplicity. Simulationresultsof high frequeng control,i.e. 500 HZ, werealso
shavnin [10]. Performancef the high frequeng controllerwas,asexpected petterthan

the low frequeng versionmotivating a more thoroughinvestigationof a generictiming



modelto solve the problem. Corke [14] andKim [16] presentediming diagramsto de-
scribethetime delay Basedon thetiming diagramstheseworkstried to usediscretetime
modelsto modelthe systemsIn orderto do this, the authorssimplify theseasynchronous
systemgo single-ratesystems.It is well known thatthe discretetime modelcanonly be
appliedinto single-ratesystemsor systemswvherethe control rate andthe vision sensing
rate are very close. However, from Table 3.1, we notice that mostreal systemsdo not
satisfythis condition.

Thereforejn thiswork we proposea continuougyenerictiming modelto describeasyn-
chronousrision-baseaontrolsystemsThisworkis the rst to explicitly modelthemotion
lag of therobotandpresents generatiming modelfor vision-basedoboticsystemsThe
approachs focusedon improving real-timetrajectorygeneratiorbasedon vision (Figure
3.2) andis independentf the control strateyy applied.

Theremainderof this chapteris organizedasfollows. In Section3.2, we describeour
generictiming model,andthenapply this modelto anindustrialrobottestbedhat usesa
network of camerado track objectsin its workcell. In Section3.3, We demonstratéhe
importanceof the applicationof our modelby usingit to derive a“lunge” expressiornthat

letstherobotinterceptanobjectmaoving in anunknown trajectory

3.2 Methods

Figure3.3illustratesour timing model. Fromtop to bottom,eachline shovs a component
of thesystemin processrder(e.g.sensingcomesbeforeimageprocessing)Thehorizon-
tal axisrepresentsime. We usethis modelto quantify the processindag andmotionlag
of the system.The processindag is the time betweerreality andwhenan estimateof the
objectstatein reality is available. Similarly, the motionlag is the time betweenwhenthe

controlcommands issuedandwhenthe mechanicakystem nishes the motion.
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Figure3.3: Timing modelfor estimatingthelag andlateng.

Thesensingandcontrolprocessesperateat x edintervals sand c,where s c
(sensings slower thancontrol). Thetime requiredfor all imageprocessingandtracking
operationds designated u. This processingstartswhen an input buffer is lled with
imagedata(on a clock or syncsignalde ned by the sensingdine). An input buffer cannot
be lled with new imagedatauntil theprocessingf the previousimagedatain thatbuffer
is completedlIn Figure3.3, thisiswhy s startsonthenext syncaftertheendof u .

Figure3.3depictsthecasewhere u s (the processindakeslongerthanthe sens-
ing interval) andwhenthereis only oneimagebuffer. Figure3.4 depictsthe casenvheretwo
input buffersareused(commonlycalled“double buffering”). In this case a secondmage
buffer is being lled while the imagedatain the rst buffer is beingprocessed.Double
bufferingincreaseshelag (notetheextratime w betweertheendof s andthestartof

u ) but increaseshethroughput(notethe greatemumberof imagesprocessedh Figure

3.4ascomparedo Figure3.3).
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Figure3.4: Timing modelusingdoublebuffering for processingmagedata.
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Figure3.5: Timing modelof usingconsecutie doublebuffering.

Figure 3.5 depictsthe even more complicatedcasewhere double buffering happens
consecutrely. For example,aframegrabbercanbe equippedvith enoughmemoryto dou-
ble buffer imageson the framegrabberitself asthey aredigitized. This doublebuffer can
then feed a seconddouble buffer residingin main (host) memory Although this again
increaseshroughput,Figure 3.5 shovs how it alsoincreaseshelag. Eachbox indicates
thetime spentby animageat eachstage. Theinternval w, is the time animagespends
waiting in hostmemoryfor the completionof processingf the previousimage. This is
similartotheterm win Figure3.4. Theinterval w is thetime animagespendsvaiting
in the framegrabberfor a hostbuffer to becomeavailable. In this case theimageon the
framegrabbeiis waiting for the hostto nish processinghe previousimageresidingin the
buffer neededor transferof the new image.

In all of thesecasesye have assumedhatthe processindakeslongerthanthesensing

interval ( u s). In thecasewhere u s (theprocessings fasterthanthe sensing



rate), double buffering makesit possibleto processevery image. In ary case,thereis
alwaysa minimumlagof s u, but dependingon the buffering usedandthe relation
of sto uthelagcanbelarger

In orderto handleall of thesecasesye introducea synchronousrackingprocesgline
3in Figure3.3) operatingatarateof q. Thetrackingline takesthemostrecentresultfrom
theimageprocessindine andupdatest for any additionaldelay(depictedas k) usinga
Kalman lIter . In generalwe desire q u sothattrackingis updatedapproximatelyas
fastasnew resultsbecomeavailable.A secondarypene t of the synchronousrackingline
is thatit satis esstandardcontrol algorithmrequirementshatassumesynchronousnput
data.Withoutthis line, theresultsfrom imageprocessinganarrive asynchronouslyasin
Figures3.4- 3.5).

Thefourthand fth linesin Figure3.3representhe control processaandcompletionof
motion. We considerthe casewherethe distancetraveled by an objectbetweentracking
updatesds larger thana robot could safely or smoothlymove during a singleiteration of
control. Thecontrolis thereforeébrokenup into a seriesof N sub-motioncommand®ccur
ring atarateof c. Additionally, we expectthe motionrequestedby ary new iterationof
controlto take f timeto complete.Figure3.3 depictsthe casewherecontrolcommands
are cumulatve (eachnew control commandis relative to the last commandedyoal). In
Section3.2.1we describeour prototype which usesan off-the-shelfAdept controllerthat
operatesn thismanner For this controller themotionis completedsometime  f afterthe
lastgivencontrolcommandlt is of coursepossibleto have anopenarchitecturecontroller
that nishes themotionjustprior to the next iterationof control. In thiscase, f C.

Oncevaluesare known for thevariables s, u, q, cand f, itis possibleto
derive variousexpressiongor controllingarobotto solve speci ¢ problemsfor example,
to intercepta moving object. In the next section,we describeour prototypeworkcell and
derivationof thetiming variables.In Section3.3, we derive anexpressiorfor implementing

a“lunge” of therobotto interceptan objectmoving with ana priori unknavn trajectory



Figure3.6: Our prototypedynamicworkcell.

3.2.1 Prototype

Figure 3.6 shows a picture of our prototypeworkcell for this project. We usea Staubli
RX130manipulatomwith its conventionalcontroller the AdeptCorporatiormodelMV-19.
A network of six camerasurroundgheworkcell, placedon a cubeof aluminumframing.
The camerasare wired to two imaging technologyPC-RGB framegrabbergA/D video
cornverters)mountedin a CompagProliant8500 computer The Compaghasa standard
SMP (systemmultiprocessorarchitectureequippedwith eight 550 MHz Intel Pentium
3-Xeon processors.In [22], we detailedthe workcell con guration, calibration,image
differencingand real-timerobot motion planning. In [23], we presentedsometracking
experimentdo show thatour systemcantrack differentkinds of objectsusingcontinuous
visualsensing.

Figure3.7 shovs atiming diagramdescribingthe o w of informationthroughthe sys-
tem, alongwith how long eachsteptakes. Someof theseestimatesverederived analyti-

cally from knowledgeof the hardware,while otherestimatesverederivedfrom measure-
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Figure3.7: Information o w throughsystem.

mentstaken while the systemwas operating. We will discusseachpartin detail in the
following paragraphs.

Figure3.7 startswith aneventthatis happeningn realtime (e.g.anobjectmoves).The
camera®perateat 30 Hz usingthe standardNTSCformat,sothatfor thissystem s
ms. The objectstatein reality thatis imagedtakes 33 msto transferfrom the camerato
the framegrabber The six camerasare synchronizedn a commonclock for the vertical
sync(startof image).Eachcameras greyscale sothatthreecamerasnay bewired to the
red, greenandblue component®f an RGB input on a framegrabber After 33 ms, all six
imagesaredigitizedandresidingin framegrabbememory

The frameggrabbershave microcontrollersghat canoperateas PCl bus mastersjnitiat-
ing transfersfrom framegrabbermemoryto main memory The Compagis programmed
to usearing buffer (with roomto hold two setsof six images)to facilitatedoublebuffer-
ing. While onesetof six imagesis beingprocesseda secondsetcanbe transferredrom
framegrabbememoryto main memory at the sametime. Assumingnegligible trafc on
the PCl bus, thetime for this transfercanbe computedasthe total numberof imagebytes
divided by thebandwidthof thebus: (640 480 4 2 bytes)/ (4 bytes 33MHz) =
19 ms, wherethe bandwidthis the theoreticalmaximumprovided by the 32-bit 33 MHz
PCl standard.



Theimageprocessingortionof our systemcreatesa two-dimensionabccupang map
of thespacen ahorizontalplaneof interesiin theworkcell,locateghecentroidof anobject
in this spaceanddisplaystheresulton-screer3]. Baseduponempiricalmeasurementsf
the run-time of the imageprocessingnethodson the Compaqg,we obsenedthemto take
approximately\80 msonaverageeachiteration. Thistime canvaryby approximately ms
dependinguponthe contentof theimages.We discusshe variancef our measurements
in moredetailatthe endof this section.We alsomeasuredhattheimagedisplaytakes14
mson average.Therefore the total processingime u for this systemis 19+ 30+ 14 =
63 ms.

Theimagesmaywait in buffers beforebeingprocesseddueto our useof consecutie
doublebuffering (seeFigure3.5). Thewaiting time canvary dependingn the phasingof

sand uasshowvn in Figure3.7. We noticedthat after several iterations,the waiting
time repeatsn a pattern. The main memorywaiting time  w,,, becomesa constant(39
ms) after 4 iterations. From Figure 3.7, we canobsene thatthe PCI bus transferalways
happensight afterimageprocessingnishes. Therefore the main memorywaiting time

Wr, equalsthe displaytime plusimageprocessingime, minusPCl bustransfertime, i.e.
14+ 14+ 30- 19=39ms. Theframeggrabbemaitingtime w; isrepeatingn 3 numbersb
ms, 16 ms,27 ms. Sowe take the averagewaitingtime w; as(5+ 16+27)/3=16ms.
Thuswe cangetthetotal averagewaitingtime w ms. For our system,
thesyncingtime kis avariablethatwe getin real-time.Adding up theappropriatéerms
(s u w k), the processindag for this systemis 33+ 63+ 55+ k= (151+

k) ms. To unify theterms,weuse | to expresshecomputablgartiallagtime (151 ms).

After synchronizationthe stateof the objectis sentthrougha 10 Mbit ethernetlink
from the Compaqto the Adept. Basedon empiricalmeasurementsheseoperationsvere
obseredto collectively take lessthan1 ms. For this systemwe set g =40 mswhichis

nearbut slightly underthe occupang maptime plustheimagedisplaytime (30 + 14 ms).



At this point the Adept (robot) hasa new goal. This goalis directly forwardedto the
motorlevel controllerthroughthe “Alter” command21]. Accordingto the manufcturer
(Adept),the maximumissueratefor the Alter commands 500Hz (onceevery 2 ms), but
throughexperimentatiorwe obsenredthatthis ratecouldnotalwaysbe maintained.There-
foreweset ¢ =4 ms. Theprecisedetailsof the motorlevel controllerareproprietaryto
AdeptCorporationandcouldnotbe determined Thereforewe determined f empirically
throughrepeatedneasurementsf the time it took to completean Alter command. We
obseredthatthetime vary from 120to 150 ms,with acommonlyoccurringmedianvalue
of 130ms. We thereforeset f tobel130ms.

In our modelwe assumeonstantgor mostof thelag terms. Our estimatedor all pa-
rametersxceptfor occupang mapcomputatiortime, displaytime, androbotmotionlag,
were generatedsia analysisof modelsbasedon known timing constraintsas discussed
above. Theremainingthreeparameteristedabove requirednformationnotdirectly avail-
ableto us,andwereobtainedfrom averagessia empiricalmeasurementt is importantto
notethatall of thesetermshave variancessomeof themhaving appreciablesizein this
contet (morethanl ms). For thesensingandprocessingerms,it would beidealto times-
tampeachimageuponacquisitionandmeasurehe termsprecisely However, in orderto
solve problemsinvolving estimatesnto the future (for exampleto plana catchof an ob-
ject) it is necessaryo have averagesThereforewe only notethe variancesere,andleave
amorethoroughunderstandingf their effectto futurework.

In orderto validateour estimateof totallag for our systemwe conducted seriesof ex-
periments Figure3.8shovs apictureof theexperimentaketup.We setup anotheicamera,
completelyexternalto our systemjo obsere its operation. A corveyor wasconstructedo
move in a constanfpathat a constantvelocity. A light bulb wasattachedo the corveyor
andthe systemwas directedto track the object, keepingthe robot positionedabove the
light bulb. A smalllaserwasmountedin the endeffector of the robot, sothatit pointed

straightdown onto the corveyor. The experimentwascon gured to make it possiblefor



Figure3.8: Experimentaketupfor lag measurement.

theexternalcamerao estimatethe distancebetweerthelight bulb andthe footprint of the
laseron the corveyor. Knowing the velocity of thelight bulb, we wereableto empirically
measurdhe total lag of our system,andverify thatit matchedthe estimatederived from
our timing model. Completedetailsof this experimentcanbe foundin a technicalreport

[24].

3.3 Experiments

In orderto testour methodswe experimentwith the problemof catchinga moving object.
Figure 3.9 depictsthe scenario. The objectis moving at an unknavn constantvelocity
in a straightline. In this example,the objectis moving in one dimension;however, we
formulatethe solutionusing vectorsto indicatethat the solutionis alsoapplicableto 2D
and3D problems.Dueto the processindag, the mostrecentlymeasuregositionof the

objectiswheretheobjectwas( | k) mspreviously. Wedenotehislocationasx; | .
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Figure3.9: Scenaridor interceptingobjects.

The currentpositionof the object,i.e. thetime whenthe robotstartsto lungetowardsthe

object,is denotedasx;. The currentvelocity of the objectis denotedasv;, andis assumed

to be equalto the lastmeasuredelocityv; | . Therefore therelationshipbetweernx;
andx, | lisdescribedn thefollowing equation:
X X 1ok Mook | K (3.1)

It will take someamountof time i msfor therobotto reachthe point of impactwhereit
will catchthe object.We denotetheimpactlocationasx; ;.

Thereis morethanonewayto considelimplementinga catch.Oneapproachs to keep
the robot's position at the mostrecentlymeasuregosition(x; | ) andthenlungeto
the nal impactposition. The advantageto this approachs thatthe robotis only moving
to locationswherethe objecthasactuallytraveled. The disadantageto this approachs
that the robot mustlunge a distancethat coversthe lag time plus the time to impact. A
secondapproachis to keepthe robot's position at the currentposition (x;), or even keep
therobot's positionnearthe predictedmpactposition(x; ;). If the objectis moving ata

constant/elocity orin a x edpattern this approactwill notsuffer from mispredictionand



will alwaysdecreas¢helungedistance However, if theobjectmotionis notsocontrolled,
this approackcould causeunfavorablebehaior, for exampleincreasinghelungedistance
in the casewherethe objectreversesdirection. In eitherapproachwe candescribethe
interceptproblemasthe following: if the robot desiresto interceptthe objectat time t
while following the object,how mary control commandgN) shouldbe issuedbetween
time t andthetime whenthe robotinterceptghe object,andwhatis the constandistance
( d) thateachsinglecontrolcommandshouldmove.

For someproblems N is x ed. The solutionfor a x edN probleminvolvesonly one

equation:

X il X1 wi ¢ N f (3.2)

For our problem,N is varying. Supposéhatx; ¢ is the positionwherethe robotwas
lastcommandedo move to, i.e. the positionwherethe objectis attime t g, nis the
numberof alterswhichwill be executedandd is the maximumdistancea singlealtercan

move. Thesolutionnow involvestwo equations:

X il X1 Wi Cc ni f (3.3)

X il X ql ni d (3.4)

Combining Equations3.3 and 3.4, basedon the assumptiorthat the objectdoesnot

changevelocity directionbetweert t g, we obtain:

. f C Vi X1 % gl
. 3.5
nt d C Wi (3.5)




| q H q |

velocity stder (mm/s) | catch per || velocity stder (mm/s) | catch per
(mm/s) centage (mm/s) centage
84.4-974 |1.3-3.8 100% 85.9-95.1 2.5-3.7 100%
129.8-146.7| 1.7-3.2 100% 126.1-137.7 | 1.7-3.3 100%
177.6-195.1| 0.5-2.6 100% 175.8-192.8 | 1.1-2.7 100%

Table3.2: Experimentatesultsfor catchingthe moving object

Whenwe solve for n, thereis a constraint:

Wi — (3.6)

This equatiorrepresentshe constrainfor successfuinterceptbetweerthe velocity of
themoving objectandthe key parameters thetiming model.

ThenN is choserasthe maximumelemenf vectorn. Therefore,

(3.7)

3.3.1 Experimental setupand results

To verify thatour modelis effective, we designanexperimentto let ourindustrialmanipu-
lator catcha moving object. A smallcylindrical objectis draggedoy a stringtied to a belt
moving ataconstantelocity. Thebeltis movedby a DC motor. The objectmovesalonga
straightline. Figure3.10shows our experimentaketup.Therobotfollows the objectwith

theend-efectorpointingstraightdown approximatel\300 mm above theobject. Whenthe
robotis commandedo interceptthe object,therobotwill lungeandcovertheobjectonthe
tablewith a modi ed end-efector, a small plasticbowl. The diameterof the objectis 70
mm, the diameterfor the smallbowl is 90 mm. Thereforetheerrorshouldbelessthan10

mm on eachsidein orderto successfullycatchthe object.



(a) initial position (b) impactscene

Figure3.10: Experimentaketupfor catchingthe moving object.

In orderto testthe applicability of our timing model,we conductedwo setsof exper
iments. We set q to two differentvalues,40 and 80, in thesetwo setsof experiments.
We variedthe voltage of the motor driving the corveyor to let the objectmove at three
differentvelocities. For eachvelocity, we keptthe voltageof the motor constanto make
the objectmove in arelatively x edvelocity, andranthe experimenttentimes. Table3.2
shaws the resultsof the experiments.The velocity columnis lled with the rangeof the
averagevelocity in the ten experiments. The standarddeviation columnis the rangeof
the standarddeviation of the velocity of eachexperiment. The resultsdemonstrat¢hat if
the objectmovesat a relatively x ed velocity, the robot catcheghe object 100% of the
time independenof the velocity of the objectandthe positionupdatetime (). We have
additionallyconductechumerousexperimentswith moreunpredictableobjecttrajectories
(using fansto blow objectsin the workspacein semi-predictablevays), and found the

resultsto generalizevell. Theseresultswill bereportedn ?2.
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Chapter 5

Dynamic Manipulation Usinga Novel
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Chapter 6

Conclusion

In this dissertationwe have discussedand detaileda novel approachto the designof a
workcell for industrial manipulators. The systemis basedon an embeddedcetwork of
cameraswhich produce,in real-time,an occupang mapfor the workspace.Using this
map, the robot canreactto manipulate e xible and dynamicobjectsin the workspace.
In orderto allow the robotto adaptto the sensordatawithout modifying the industrial
controller thetrajectorygeneratorvasmodi ed appropriately

We also presented generictiming modelfor a robotic systemusing visual sensing,
wherethe camergprovidesthe desied positionto the robot controller We demonstrated
how to obtainthe valuesof the parameteri the model,usingour dynamicworkcell asan
example.Thenwe shavedhow this timing modelcanbe usedto solve problemsusingas
an examplethe problemof our industrialrobotinterceptinga moving object. The results
of the experimentsshow thatour modelis highly effective,andgeneralizable.

Basedon this timing model,we presented novel concept,supportedoy genericand
simpletheoryandextensive experimentgo quantifythedynamicinterceptability of vision
basedobotic systemsWe validatedthe theoryby designingl5 setsof experimentsusing
our industrialworkcell. Theresultsshovedthatthe modelwaseffective in predictingthe

capabilitiesof theworkcell.
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