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ABSTRACT

In this dissertation,we presenta novel approachto workcell designfor enhancedper-

formanceof industrial robot manipulators,in which the workcell featuresa speciallyin-

tegratedsensornetwork. In contrastto traditional robot workcells, in which the role of

environmentalsensors(if presentatall) is relatively in�e xible andtightly focusedonaspe-

ci�c task,the sensornetwork performsreal-timedynamicsensingof theentireworkcell.

The systemis designedto make useof ”off the shelf” components,andto integratewith

theexisting industrialrobotcontroller, in orderto allow themanipulatorto performmore

dynamicoperationsin a lessstructuredworkcell. Detailsof the novel sensornetworked

workcellandexperimentswith anindustrialrobotarepresentedin thiswork. Basedonthis

experimentalplatform,we conductedresearchin thefollowing threeaspects:

1. Visualsensingfor roboticshasbeenaroundfor decades,but our understandingof a

timing modelremainscrude.By timing model,wereferto thedelays(processinglag

andmotion lag) between“reality” (whena part is sensed),throughdataprocessing

(the processingof imagedatato determinepart positionandorientation),through

control (the computationand initiation of robot motion), through“arrival” (when

the robot reachesthecommandedgoal). In this work we introducea timing model

wheresensingandcontroloperateasynchronously. Weapplythismodelto a robotic

workcell consistingof a St
�

aubli RX-130 industrialrobotmanipulator, a network of

six camerasfor sensing,andan off-the-shelfAdept MV-19 controller. We present

experimentsto demonstratehow themodelcanbeapplied.

2. Allowing dynamicmotionsfor payloadswithin a workcell is a fundamentallynovel

ideafor practicalindustrialrobots. Theability to handlepayloadsmoving in semi-

structuredwayswouldsigni�cantly increasethepotentialmarketsfor industrialrobotics.

In thispaper, weproposeagenerictheoryto modelthedynamicinterceptandmanip-
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ulationcapabilityof visionbasedindustrialrobotsystems.In orderto verify thethe-

ory, we presentexperimentsusingour industrialworkcell prototypeto dynamically

interceptandmanipulatesemi-randomlymoving objects. We conductexperiments

over 1000runswith two differentkindsof dynamictasks,“scoop” and“trap.” The

experimentalresultsvalidateour theory.

3. Whenwedescribedynamicmanipulationabove,wefocusonthedynamicproperties

of theobjects.In thelastpartof thiswork, weaddanothervariability to thedynamic

manipulationby usinga �e xible endeffector.

Keywords: cameranetwork, industrialrobots,workcell, timing model,

dynamicmanipulation
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Chapter 1

Intr oduction

Industrialmanipulatorsareincreasinglybeingappliedacrossawide rangeof applications.

A typicalapproach,for agivenapplication,is to designaworkcellaroundthemanipulator,

in awaythatmatchesthecapabilitiesof therobotto theneedsof thetask.Theworkcellmay

featurespecializedsimplesensors(for examplecontactsensorsto signaleventsrequiring

new actionsof themanipulatorsand/orsurroundingperipherals)[1]. In somecases,more

”general”sensorssuchascamerasmaybeusedto recognizethe locationof typeof items

to bemanipulated.This modehasproveneffective in a numberof applicationsincluding

theelectronicsandautomobileindustries.

However, the above approachis in fact quite restrictive, severely limiting the number

andtypeof applicationsaccessibleto robotmanipulatorstoday. In essence,today's robot

manipulators”succeed”becausetheir environmentsare carefully engineeredto present

themwith carefullystructuredandregulatedenvironments.Many applicationswhich po-

tentialcustomersof theroboticsindustrywould likeautomatedremaininaccessibledueto

theinability to ”engineerout” uncertaintiesandimperfectionsin theprocess,suchaswires

and textiles. Robot industryprofessionalswould like a more effective way to integrate

sensorsinto robotworkcellsto allow theaccomplishmentof moreunstructuredtasks.
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Recentadvancesin the merging of sensorswith manipulatorsystems,suchas those

suggestedfor visual servoing [2], offer promisefor improving the effectivenessof robot

workcells. However, the issueof sensing,in real-time,unexpectedor hard-to-modelen-

vironmentaleffects(suchasthosefound in manipulating�e xible objects)remainsa key

problem.We areinvestigatinga novel solutionto this problem.Thekey componentof the

systemis a network of camerasembeddedin theworkcell which canprovide the contin-

uousvisual guidanceto the robot. Using this cameranetwork, themanipulatorcanreact

in real-timeto dynamiceffectsin theworkspace,potentiallyopeningup a signi�cant new

rangeof applicationsfor industrialrobots.

In the mechatronicslab at ClemsonUniversity, we have constructeda prototypeto

researchtheviability of this ”many-eyed” workcell. In chapter2, we describesolutionsto

theproblemsof cameranetworkplacement,multi-videostreamprocessing,calibration,and

differenceimaging.Wealsopresenthow to adaptaconventionalindustrialrobotcontroller

to reactto real-timeexternalsensorydata,in translationandorientation.

Visual sensingfor roboticshasbeenaroundfor decades,but our understandingof a

timing modelremainscrude.In general,visualsensingrobotsystemshave severaldelays.

Here we refer to the delays(processinglag and motion lag) between“reality” (when a

part is sensed),throughdataprocessing(the processingof imagedatato determinepart

positionandorientation),throughcontrol(thecomputationandinitiation of robotmotion),

through“arrival” (whenthe robot reachesthe commandedgoal). Compensatingfor the

delayshasbeena key problemthat many researchersproducedmany differentsolutions

[10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20]. However, they all just provideda methodto

accomplisha speci�c taskfor their speci�c system.Basically, they arenot generalizable.

Therefore,in chapter3 we introducea timing model for the systemwherethe camera

is usedto provide the desired or referenceposition to the internal robot controller. We

alsoappliedthis timing modelto our prototypeandlet themanipulatorinterceptconstant

velocitymoving objects.
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While we useinterceptionof constantvelocity moving objectsto validateour generic

timing model,the goal of our researchis actuallyaiming towardsdynamicmanipulation

of moregenerallymoving objects. The ideaof dynamicmanipulationhasbeenaround

for decades.Therearequitea few researcherswho have developedthebasicmodelsand

conductedexperimentsto investigatethepotentialfor automatingtasks,suchasthrowing,

hitting, tapping, toppling, etc [26, 27, 28, 29, 30, 31, 33, 20, 19, 34]. However, as far

aswe know, allowing dynamicmotionsfor payloadswithin a workcell is a fundamentally

novel ideafor practicalindustrialrobots.Theability to handlepayloadsmoving in semi-

structuredwayswould signi�cantly increasethepotentialmarketsfor industrialrobotics.

Therefore,in chapter4, we proposea generictheoryto modelthedynamicinterceptand

manipulationcapabilityof vision basedindustrial robot systems. In order to verify the

theory, we presentexperimentsusingour industrialworkcell prototypeto dynamicallyin-

terceptandmanipulatesemi-randomlymoving objects.Weconductexperimentsover1000

runswith two differentkindsof dynamictasks,“scoop”and“trap.”

Finally weconcludedthisdissertationin chapter6.



Chapter 2

The SystemAr chitectureof Workcell

and Robot Motion Planning

2.1 CameraNetworkedWorkcell

Conventionalindustrialmanipulationmakeslimited useof machinevision. A commonim-

plementationplacesacameraonthechassisof arobotnearits end-effector. Thisplacement

allows close-upsensingof objectsundermanipulation.Anothercommonimplementation

placesa cameraoverlookinga pick-and-placeposition. This placementallows sensingto

helpinitiateor relinquishagrasp,with theassumptionthatthemotionin-betweendoesnot

needobservation.Suchis thecase,for instance,if thegraspis �rm, theobjectis rigid, and

nothingelseis in thepathof thetransport.

We are building an advancedmachinevision systemfor a modernindustrial robot.

The key ideais to usea network of camerasto continuouslyobserve theentireworkcell.

By observingtheentiremanipulation,thenetwork will provide feedbackto adjustgrasps,

paths,andgoalpoints.For instance,partsdeliveredonahangingchainmightbegraspedin

thepresenceof unpredictablesway. If a personor unexpectedobjectenteredtheworkcell,

the robot might be halted. If a part wasto be af�x ed during a heat-changeprocess,the
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locationmight be adjustedto compensatefor shrinkage. Most importantly, all of these

scenariosmightbeenactedusingthesamehardwarecon�guration.

2.1.1 Robot

For thiswork,wechoseasix-axisStaubliRX-130industrialrobotmanipulator. TheStaubli

is an ideal choicesinceit is a relatively high speedandhigh precisionrobot, featuringa

conventionalrobot controller. The group at Clemsonhave establisheda closeworking

relationshipwith Staubli(whoseU.S.headquartersarelocatedin nearbyDuncan,S.C.)in

the pastfew years. To allow the resultsof the researchto be applicableto conventional

industrialrobots,we electedto utilize the standardcontrollerfor the robot and”build on

top” of theexisting platform. Detailsof theadditionalfeaturesaddedto allow therobotto

respondto interruptsfrom thesensornetwork aredetailedin section3.

2.1.2 Cameraplacement

We desirea cameranetwork that can observe the entire workcell simultaneously. The

naturalcon�guration to satisfythis goalplacesthecamerason theboundaryof thework-

cell, looking towardstherobot. Theboundaryof a typical workcell is the revolution of a

paraboloid.As an approximation,we constructeda cubesurroundingthe workcell. The

cubeis
���������	���

cm wide and
�	
��

cm tall, extending50 cm beyondthehorizontalextent

of theworkcell and100cm beyondtheverticalextentof theworkcell. This con�guration

allowsadeeperverticalperspective,while somewhatlimiting therequired�oorspace.

Thicker industrialframing(
���
�

cm)onthefour verticaledgessupportsthinnerindus-

trial framing(
�
�������

cm) on the four top edgesof thecube.Two additionalstrutsof the

samesizearemountedon top of thecubeandcanbeslid backandforth (seeFigure2.1).

Two sidesof the top areanchoredto nearbywalls. A singleHirosecablecarriespower,

video,anda syncingsignalto eachcamera,andis embeddedin theframing.Eachcamera
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Figure2.1: Workcell con�guration.

weighs140grams,anddoesnot signi�cantly �e x thestructure.This con�guration is rigid

in thepresenceof moderatevibrationsuchascouldbeexpectedona factory�oor .

Thecamerascanbeplacedonany partof theindustrialframing.Themountsslideback

andforth alongeachstruct,sothata cameracanbepositionedanywhereon thetop of the

cube,andanywhereon thefour verticaledgesof thecube.This leavestheverticalplanes

of theworkcell openfor additionalautomationequipment,suchasconveyors.

Sitting on onesideof the workcell is the robot controller, power supplies,andcom-

puting hardwarenecessaryto processthe video feeds. Figure2.2 shows a pictureof our

prototype.

2.1.3 Processing

Processingvideo from multiple camerasis inherentlyparallel. A sharedmultiprocessor

(SMP)architectureprovidesanappealingplatformfor thisproblem.Preprocessingfor the

individual camerastreamscanbesplit amongprocessorsexecutingnearlyidenticalcode,

while datafusion for a combinedresultaccessesthe samememory. At the time of this

writing, 2-waySMPsarecommonlymanufacturedfor desktopuse,andup to 8-waySMPs
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Figure2.2: Constructedprototype.

arecommonlymanufacturedfor serveruse.Ourprototypeusesan8-wayCompaqProliant

8500R.We have observed nearlinear speedupon simpleprocessingoperations,suchas

imagedifferencing(seeSection2.1.5).

Two ImagingTechnologyPC-RGBframegrabbersareusedto captureimagesfrom six

Sony XC-75greyscaleCCDcameras.A verticalsyncingsignalgeneratedinternallyby one

of thecamerasis ampli�ed anddistributedto all thecameras.Thesix imagesarecaptured

simultaneouslyusingthetrick of wiring eachmonochromesignalto oneof thered,green,

or blueinputsof eachof thetwo framegrabbers.

Two limitationsin ourprototypeareapparent.First,thechosencomputerdoesnothave

anAGPbus,sothatimagedisplaymustusethePCIbus.Imagedisplaythereforecompetes

with the throughputof framegrabbingandmain memoryaccessfor processing.Second,

thecamerasandframegrabbersoperateat thestandardNTSCrateof 30 framespersecond.

This introducesaminimumdelayof 33 msbetween”reality” and”reaction”.

In [3], wedescribedanalgorithmfor computinga real-timeoccupancy mapfrom mul-

tiple videostreams.Theprototypedemonstratedin thatwork acheiveda throughputof 5
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Hz, creatinga 2D mapfrom 4 camerasusinga uniprocessorsystem.Our currentwork is

focusedon extendingthe algorithmto a 3D map,andexpandingthe numberof cameras

andprocessors.Wearepredictingthatourprototypedescribedhereinwill beableto create

an �

���

�

���

�

�

mapof spacein theworkcell at 30 Hz.

2.1.4 Calibration

Cameracalibrationis theprocessof determiningacamera'sinternalparameters,suchasthe

focalpointandlensdistortion,andtheexternalparameters,suchaspositionandorientation.

Theseparametersmodelthecamerain areferencesystemin thespacebeingimaged,often

calledworld coordinates.Oncecalibrated,a camera's 2D imagecoordinatesmapto 3D

raysin world coordinates.

The standardcameracalibrationprocesshastwo steps. First, a list of 2D imageco-

ordinatesandtheir corresponding3D world coordinatesis established.Second,a setof

equationsusingthesecorrespondencesis solvedto obtainacameramodel.

A calibrationtarget is commonlyusedto establishcorrespondences.Thetarget is con-

structedsothat its identi�cation in imageryis simpli�ed. Thetarget is placedin thescene

sothatits world coordinatesareeasilymeasured.Oftenthecalibrationtargetitself de�nes

theworld coordinatesystem.A commoncalibrationtargetis agrid. Multi-camerasystems

canbecalibratedto acommoncoordinatesystemby viewing thesamegrid [6].

Calibratingcamerasto observe anentireworkcell posesa uniqueproblem.Therobot

is permanentlymountedin themiddleof theworkcell,which is ideallywhereacalibration

targetwould beplaced.Theredoesnot seemto bea simpleway to acquirea largenumber

of calibrationpointsby capturingasingleimagepercamera.

To overcomethisproblemweusetheendeffectorof therobotasthecalibrationtarget.

The robot is moved to a numberof positions,64 in our prototype. At eachposition,the

image-locationof theendeffector is addedto a list of pointsfor eachcamera.If theend-
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effectoris notvisiblein aview, thatpoint is ignoredfor thatcamera.Theworld coordinates

of eachpointaretakenfrom therobotcontroller.

Locating an arbitrary end-effector in an arbitrary imageis not trivial. For instance,

paintinga targetwith a bright color is not suf�cient. Figure2.3 shows anexampleimage

from oneof thecamerasin ourprototype.No provisionsweretakentoclearclutterfromthe

background.Shroudingtheworkcellunderdarkcloth,andusingcontrolledlighting,would

simplify this problem. However, we envision that this con�guration would bedif�cult to

maintainonacommonfactory�oor .

Figure2.3: Backgroundclutterexpected.

To overcomethis problemwe constructeda blinking light for a calibrationtarget. A

sphericallightbulb waspaintedblue to reducesurfaceglareandmountedto the endef-

fector. A simplecircuit alternatespower to the lightbulb, turning it on andoff at a �x ed

rate.Cumulativedifferencingof thescenerobustly locatestheimagepositionof thelight-

bulb. Figure2.4showsanexampleview of thelightbulb poweredon,poweredoff, andthe

cumulativedifferenceimage.
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Figure2.4: Dif ferencingto locateblinking lightbulb calibrationtarget.

After usingourmethodsto establishasetof correspondences,weusethecameramodel

andnon-coplanarsolutionmethodintroducedby Tsai[4, 7]. Wehave foundit to berobust

for avarietyof industrialandcommercialcamerasandlenses,andadependableimplemen-

tationis publicallyavailable[8].

The entirecalibrationprocessfor our prototyperequiresonly a singlestartcommand

from theoperator, andcompletesin approximately2.5minutes.

2.1.5 Differ enceImaging

Differenceimagingis a commonimageprocessingoperation.It quickly revealsthe loca-

tionsof objectsthathave shiftedposition.Dif ferenceimagingin anentireworkcell poses

a uniqueproblem. The robot is constantlymoving throughoutthe workcell. Ideally, a

backgroundimagefor differencingwould beacquiredwhile therobotwasabsent.This is

obviously impractical.

Toovercomethisproblemwecreateabackgroundimageusingacollagetechnique.The

robot is movedto a seriesof positionswhich revealall visible portionsof thebackground

for eachcamera.At eachposition,thejoint anglesof therobotarereadfrom thecontroller.

Usingtheseanglesa modelof therobot is constructed,portrayingeachof themajor links

asa cylinder. This model is thenusedvia ray intersectionto determinewhich pixelsare

obstructedby the robot, and which pixels seethe background.The sequenceof partial

imagesis then combinedto producea singlecollagebackground.Figure 2.5 shows an

examplefor theview depictedin Figure2.3, createdby combiningfour images.
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Theprocessfor creatingthecollagebackgroundimagesfor ourprototyperequiresonly

asinglestartcommandfrom theoperator, andcompletesin approximatelythirty seconds.

2.2 Robot Motion Planning

The Staubli robot can, in principle, move to any position inside its workspace,just the

”move A” command(whereA is an arbitrarypoint) in the standardcontroller. The exe-

cution of this commandis simpleandsmooth. However this commandrequiresthat the

robot �nish a �x ed task[5]. Theexecutionof this commandcannotbe interruptedin the

motionandallow therobotto moveto somenew position.Frompointof view of thework

discussedhere,therobotwill berequiredto changeits trajectoryin real time basedon the

vision feedback,sowe needreal time interruptprogrammingof theStaublirobot. We use

theAlter command(anadditionaloptionavailableasanadditionto theexisting standard

V+ language)to implementthis. Theuseof theAlter commandis summarizedbelow.

Alter ( ) DX, DY, DZ, RX, RY, RZ

WhentheAlter commandis enabled,this instructionwill beexecutedonceduringeach

trajectorycircle(every16milliseconds).ThiscommandmakestherobottranslateDX, DY,

DZ alongtheX, Y, Z axesandrotateRX, RY, RZ abouttheX, Y, Z axes.Theparameters

canbesetbasedon theworld or tool coordinatesystem.We choosetheworld coordinate

systembecauseit is �x edandthusmoreconvenient.TheAlter commandis calledinsidea

loop, which runsthrougheachtrajectorycycle to let therobot reachthe(modi�ed) target

position.In theorythis is asimple(andverybene�cial)extrafeatureof therobotcontroller,

however in practiseseveralmodi�cationshadto bemadeto interrupttheroboteffectively

in realtime.



12

Figure2.5: Backgroundcollage.

2.2.1 Altering Position

To change(endeffector)positionusingtheAlter command, we needto setthe �rst three

parameters:DX, DY, DZ. ¿Fromthe above, we notethat Alter commandonly works in

Cartesianspace.However generatingtrajectoriesin Cartesianspaceis not desirablebe-

cause,for example,partsof thegeneratedtrajectorymaynot lie within theworkspace.A

betterapproachis to generatethetrajectoryin Jointspace.However, astheAlter command

worksin Cartesianspace,thetrajectorygeneratedin theJointspaceneedsto beconverted

to Cartesianspace.Thusthefollowing procedureis used:

1. Inversekinematicsis usedto obtain the joint anglesof the beginning andending

points.

2. Theintermediatejoint angles,betweenthesetwo setsof joint angles,aregenerated

usingthemethoddescribedin the”Trajectorygeneration”sectionbelow.

3. Theforwardkinematicsis usedto computetheCartesiancoordinatesof everypoint

correspondingto thecalculatedjoint angles.
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4. Thedeviation in theCartesianspaceis thedifferencebetweenthecalculatedCarte-

siancoordinatesin thepresentstepandtheCartesiancoordinatescalculatedin theprevious

step.Thisdeviation is usedastheDX, DY, DZ input to theAlter instruction.

Trajectory Generation

Thekey objectiveof thetrajectorygenerationprocedureis to make therobotstartandstop

smoothly. Also, wheninterrupted,therobotshouldchangetrajectorysmoothlyandmove

to thenew goalpoint. Thetrajectorygenerationcanbedividedinto threecases,1) smooth

start,2) in caseof interruption3) smoothstop. If therobot is not interrupted,thestandard

trajectorygenerationroutineoperatesin case1 andcase3. Whenthereis interruptionfrom

thesensornetwork, thetrajectorygenerationswitchesto amodi�ed versionto handlecase

2, whichmakestherobotmove to thenew goalpositionsmoothly.

case1: A � initial joint angles.B � initial joint angles.C � goaljoint angles.

case2: A � currentjoint angles(wheninterrupted). B � the predictedjoint angles

t � tacc �

t basedon theold trajectory. C � new goaljoint angles.

case3: A � currentjoint angles.B � goaljoint angles.C � goaljoint angles.

Formulae for Trajectory Generation

�

C � C � B
�

B � A � B

when � tacc �

t
�

tacc

h �

tacc�

t
�

tacc

q �

���

�

C tacc
T �

�

�

B 

�

�

� h h
�

�

�

�

B! h
�

B
�

�

B
"

q �

�
�

�

C tacc
T �

�

�

B 

�$#

���

� h 

�

h
�

�

�

B
!&% tacc

�

q �('

�

C tacc
T �

�

�
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�$#

� h �*

h
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whent , tacc

h �

t
T �

q �

�

Ch
�

B
"

q �.-

C
T �

�

q �

�

wheretacc is a constantand
�

tacc is the time for smoothstart andsmoothstop. The

smallertacc is, the fastertherobotstartsandstops.T
%

is the time for themotion from the

beginningto theendingpoint. T
%

is setbasedon thedistancebetweenthesetwo pointsto

rendertheoverall velocityconstant.

Example

We demonstratetheeffectivenessof theabove schemeusinganexample.Theinitial joint

anglesare
�$#

�0/1���0/

�

�0/32��0/

#54

�0/1
��

 . Thegoaljoint anglesare
�

�

#

�0/

#

���0/

#64

�0/7�0/

4

�0/1���

 . The

interruptionoccursatt �

�0�8


seconds.Thenew goaljoint anglesare
�

���0/7���0/

4

��/

�

���0/

#

����/

�

�0�

 

(All joint anglesareexpressedin degrees).Theresultingjoint trajectoriesareshown in Fig-

ure2.6.

2.2.2 Altering Orientation

For real-timealterationsof endeffectororientation,extraeffort is requiredwhenusingthe

Alter command.Euler anglesareusedto representorientationfor the Staubli industrial

robot.However, theyaw, pitchandroll conventionwasusedin ourmotionplanning,sowe

needto transformEuleranglesto correspondingyaw, pitch androll. Having obtainedthe

initial andgoalyaw, pitch androll, the intermediateyaw, pitch androll betweenthemare

generatedusingthe methoddescribedin the ”Trajectorygeneration”sectionabove. The

differencebetweenthecalculatedyaw, pitch androll in thepresentstepandtheyaw, pitch
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Figure2.6: InterruptedTrajectory.

androll calculatedin the previous step,is usedto computethe RX, RY, RZ input to the

Alter command.

The usual de�nition for yaw, pitch and roll, implies the rotation matrix should be

Rz9

Ry:

Rx;

. However, the Alter commandworks in the reverseorder Rx;

Ry:

Rz9

. Here

Rx;

/

Ry:

/

Rz9

aretherotationmatrix for rotating < aroundthteX axis, = aroundtheY axis

and > aroundtheZ axis.Hence,wecannotdirectlyusethedeviationof theyaw, pitchand

roll asRX, RY andRZ inputsto theAlter command.A transformationmustbedone�rst.

In orderto effect thetransformation,two additionalfunctionswereimplemented.Function

#1 transformsRz9

Ry:

Rx;

to yaw, pitch androll andFunction#2 calculatesRz9

Ry:

Rx;

from

thegivenyaw, pitch androll. Thereforewe canobtain ? RMi @

(thedesiredrotationmatrix)

from thedesiredyaw, pitch androll and ? RMi A

%

@

(thepreviousrotationmatrix thattheAl-

ter commandimplemented)from the yaw, pitch androll in the last loop. The following

equationis thensatis�ed.
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Rx
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Now theproblemis tocompute
�

<

/

�

=

/

�

> given ? RMi A

%

@

and ? RMi @

, where
�

<

/

�

=

/

�

>

aretheRX,RY,RZ input to theAlter command.
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-

; y
-

:
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9

�&? RMi @

? RMi A

%

@

T

RT
z

-
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@
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-

9�E

Ry CDA
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:FE
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-

;$E
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@
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T

Finally �

�

<

/

�

�

=

/

�

�

> areobtainedusingfunction#1.



Chapter 3

GenericTiming Model for Vision Based

Robot Systems

3.1 Moti vation

Figure3.1 shows the classicstructurefor a visual servoing system[9]. In this structure,

a camerais usedin the feedbackloop. It provides feedbackon the actual position of

somethingbeingcontrolled,for examplea robot.Thisstructurecanbeappliedto avariety

of systems,includingeye-in-handsystems,part-in-handsystemsandmobilerobotsystems.

In aneye-in-handsystem[10, 11, 12, 13, 14], thecamerais mountedontheend-effector

of a robotandthecontrol is adjustedto obtainthedesiredappearanceof anobjector fea-

ture in the camera.Gangloff [10] developeda visual servoing systemfor a 6-DOF ma-

nipulatorto follow a classof unknown but structured3-D pro�les. Papanikolopoulos[11]

presentedalgorithmsto allow an eye-in-handmanipulatorto track unknown-shaped3-D

objectsmoving in 2-D space.Theobject's trajectorywaseithera line or anarc.Hashimoto

[12] proposeda visual feedbackcontrol strategy for an eye-in-handmanipulatorto fol-

low a circular trajectory. Corke [13, 14] presenteda visual feedforward controllerfor an
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eye-in-handmanipulatorto �xate on a ping-pongball thrown acrossthesystem's �eld of

view.

In a part-in-handsystem[15], thecamerais �x edin a positionto observe a partwhich

is graspedby a robot. The robot is controlledto move thepart to somedesiredposition.

For example,Stavnitzky [15] built a systemto let therobotalign a metalpartwith another

�x ed part. Sincethe part is alwaysgraspedby the manipulator, we canalsosaythat the

part is somethingbeingcontrolled.Or in theotherwords,we cansaythathow theobject

appearsin thecamerais controlled.

In somemobile robot problems[16], the camerais mountedover an environmentto

sensethe actualpositionof the mobile robot asfeedbackto the controller. For example,

Kim [16] built amobilerobotsystemto playsoccer. Thecamerais �x edover the�eld and

actsasa feedbackpositionsensor. Here,thecameraobservessomethingwhich is directly

controlled.

All of thesesystems,regardlessof wherethecamerais mounted,usethecamerain the

samecontrol structure. In eachcasethe systemregulateshow the objectappearsin the

camera.
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In this work, we considertheproblemwherethecamerais usedto provide thedesired

or referenceposition to the internal robot controller. Figure3.2 shows the structurefor

this system. Thereareseveral typesof problemsthat �t this kind of system,wherethe

objectof interestcannotbecontrolleddirectly. For example,imaginearobottrying to pick

up live chickens,or a robot trying to manipulatepartshangingon a swaying chaincon-

veyor. Similarproblemshavebeeninvestigatedin someworks.Houshangi[17] developed

a robotmanipulatorsystemto graspa moving cylindrical object.Themotionof theobject

is smoothandcanbedescribedby anauto-regressive(AR) model.Allen [18] demonstrated

a PUMA-560trackingandgraspinga moving modeltrain which movedarounda circular

railway. Miyazaki [19] built a ping pongrobotto accomplishtheping pongtaskbasedon

virtual targets.Nakai[20] developeda robotsystemto playvolleyball with humanbeings.

From the above systems,we noticethat the motionof theobjectwaslimited to a known

classof trajectories.In thiswork, we seekto extendthis to let therobotfollow anunstruc-

tured(completelyunknown) trajectory. Thiswill beenabledin partby providing ageneric

timing modelfor this kind of system.

Our timing modelconsiderstheproblemwhereimageprocessingandcontrolhappen

asynchronously. The taskof the robot is to interceptmoving objectsin real-timeunder

theconstraintsof asynchronousvision andcontrol. We arefacedwith thefollowing three

problems:

1. The maximum possiblerate for complex visual sensingand processingis much

slower thantheminimumrequiredratefor mechanicalcontrol.

2. The time requiredfor visual processingintroducesa signi�cant lag betweenwhen

theobjectstatein reality is sensedandwhenthevisualunderstandingof thatobject

state(e.g.imagetrackingresult)is available.Wecall this theprocessinglag.
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work imageprocess-
ing rate(HZ)

control
rate(HZ)

processing
lag (ms)

motion
lag (ms)

Papanikolopoulos et. al.
[11]

10 300 100 –

Hashimotoet. al. [12] 4 1000 – –
Corke andGood[13, 14] 50 70 48 –
Stavnitzky andCapson[15] 30 1000 – –
Kim et. al. [16] 30 30 90 –
Houshangi[17] 5 36 196 –
Allen et. al. [18] 10 50 100 –
Miyazaki et. al. [19] 60 – – –
Nakaiet. al. [20] 60 500 – –
thiswork 23 250 151 130

Table3.1: Summaryof relatedwork

3. Theslow rateof updatefor visualfeedbackresultsin largerdesiredmotionsbetween

updates,producinga lag in whenthemechanicalsystemcompletesthedesiredmo-

tion. Wecall this themotionlag.

Considerproblem#1. A standardclosed-loopcontrolalgorithmassumesthatnew data

can be sensedon eachiteration of control. Commonindustrial camerasoperateat 30

Hz while commoncontrolalgorithmscanbecomeunstableat rateslessthanseveralhun-

dredHz. Complex imageprocessingtasks,suchassegmentation,poseestimation,feature

matching,etc., typically run evenslower than30 Hz, while control problemscanrequire

ratesashigh as1K Hz. In general,this gapin rateswill not besolvedby thetrendof in-

creasingcomputationalpower (Moore'sLaw). As thispower increases,sowill theamount

of desiredvisual processing,andso will the complexity of the control problem. In this

work, weproposeto addressthisproblemdirectlyby modelingthevisualsensing,process-

ing, andcontrolprocessesashaving fundamentallydifferentrates,wherethesensingand

processingareat leastoneorderof magnitudeslower thanthecontrol.

Problem#2 is a consequenceof the complexity of the imageprocessingoperations.

Thereis alwaysa lag (processinglag)betweenrealityandwhentheresultfrom processing
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a measurementof the objectstateis available. In a high-speed(e.g. 1 KHz) closed-loop

control, this lag can usually be ignored. But as the processingcomplexity increases,a

non-negligible lag is introducedbetweenwhentheimagewasacquired(theobjectstatein

reality)andwhentheimageprocessingresultis available(e.g.estimateof objectposition).

We incorporateanestimateof theprocessinglag directly into our timing model.

Problem#3 is alsoa consequenceof the slow rateof visual sensingandprocessing.

In a high-speedclosed-loopcontrol, the motion executedbetweeniterationsis expected

to besmallenoughto becompletedduring the iteration. Themotion lag (time it takesto

completethemotion) is considerednegligible. But asthesensingrateslows, the tracked

objectmovesfartherbetweeniterations,requiringthe mechanicalsystem(e.g. robot) to

alsomovefartherbetweeniterations.As aconsequence,it is possibleto haveasystemthat

hasnot completedthe desiredsetpoint motion prior to the next iterationof control. We

addressthisproblemby directlyincorporatinganestimateof themotionlaginto our timing

model.

Table3.1presentsasummaryof how previousworkshavefeaturedandaddressedthese

threeproblems.Fromthis tablewe notethat the�rst two of thethreeproblemshave been

addressedto someextent in previousworks. However, no work appearsto have explicitly

consideredproblem#3. All of theseworks neglect the motion time (motion lag) of the

robot. Onework [18] notedthis problemandusedan GH�BI��KJ predictorto compensate

for it insteadof explicitly modelingit. Noneof theseworks hasconsideredthe generic

modelingof this typeof system.

Someworkssynchronizedtheimageprocessingrateandcontrol frequency for a more

traditionalsolution. In [10], the frequency of visualsensing,processingandcontrolwere

all setto 50HZ. Basically, thecontrolfrequency wassynchronizedto theimageprocessing

ratefor simplicity. Simulationresultsof high frequency control, i.e. 500 HZ, werealso

shown in [10]. Performanceof thehigh frequency controllerwas,asexpected,betterthan

the low frequency versionmotivating a more thoroughinvestigationof a generictiming
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model to solve the problem. Corke [14] andKim [16] presentedtiming diagramsto de-

scribethetime delay. Basedon thetiming diagrams,theseworkstried to usediscretetime

modelsto modelthesystems.In orderto do this, theauthorssimplify theseasynchronous

systemsto single-ratesystems.It is well known that thediscretetime modelcanonly be

appliedinto single-ratesystemsor systemswherethe control rateandthe vision sensing

rate are very close. However, from Table 3.1, we notice that most real systemsdo not

satisfythis condition.

Therefore,in thiswork weproposeacontinuousgenerictiming modelto describeasyn-

chronousvision-basedcontrolsystems.Thiswork is the�rst to explicitly modelthemotion

lagof therobotandpresentsageneraltiming modelfor vision-basedroboticsystems.The

approachis focusedon improving real-timetrajectorygenerationbasedon vision (Figure

3.2) andis independentof thecontrolstrategy applied.

Theremainderof this chapteris organizedasfollows. In Section3.2, we describeour

generictiming model,andthenapply this modelto an industrialrobot testbedthatusesa

network of camerasto track objectsin its workcell. In Section3.3, We demonstratethe

importanceof theapplicationof our modelby usingit to derive a “lunge” expressionthat

letstherobotinterceptanobjectmoving in anunknown trajectory.

3.2 Methods

Figure3.3 illustratesour timing model.Fromtop to bottom,eachline showsa component

of thesystemin processorder(e.g.sensingcomesbeforeimageprocessing).Thehorizon-

tal axis representstime. We usethis modelto quantify theprocessinglag andmotion lag

of thesystem.Theprocessinglag is thetime betweenreality andwhenanestimateof the

objectstatein reality is available. Similarly, themotion lag is thetime betweenwhenthe

controlcommandis issuedandwhenthemechanicalsystem�nishes themotion.
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Figure3.3: Timing modelfor estimatingthelag andlatency.

Thesensingandcontrolprocessesoperateat�x edintervals
�

sand
�

c, where
�

s L

�

c

(sensingis slower thancontrol). The time requiredfor all imageprocessingandtracking

operationsis designated
�

u. This processingstartswhen an input buffer is �lled with

imagedata(on a clock or syncsignalde�ned by thesensingline). An input buffer cannot

be�lled with new imagedatauntil theprocessingof thepreviousimagedatain thatbuffer

is completed.In Figure3.3, this is why
�

s� startson thenext syncaftertheendof
�

u
%

.

Figure3.3depictsthecasewhere
�

u L

�

s (theprocessingtakeslongerthanthesens-

ing interval)andwhenthereis only oneimagebuffer. Figure3.4depictsthecasewheretwo

input buffersareused(commonlycalled“doublebuffering”). In this case,a secondimage

buffer is being�lled while the imagedatain the �rst buffer is beingprocessed.Double

buffering increasesthelag (notetheextra time
�

w betweentheendof
�

s� andthestartof
�

u� ) but increasesthethroughput(notethegreaternumberof imagesprocessedin Figure

3.4ascomparedto Figure3.3).
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Figure3.4: Timing modelusingdoublebuffering for processingimagedata.
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Figure3.5: Timing modelof usingconsecutivedoublebuffering.

Figure 3.5 depictsthe even more complicatedcasewheredoublebuffering happens

consecutively. For example,a framegrabbercanbeequippedwith enoughmemoryto dou-

ble buffer imageson the framegrabberitself asthey aredigitized. This doublebuffer can

then feed a seconddoublebuffer residingin main (host) memory. Although this again

increasesthroughput,Figure3.5 shows how it alsoincreasesthe lag. Eachbox indicates

the time spentby an imageat eachstage.The interval
�

wm is the time an imagespends

waiting in hostmemoryfor the completionof processingof the previous image. This is

similar to theterm
�

w in Figure3.4. Theinterval
�

wf is thetimeanimagespendswaiting

in the framegrabberfor a hostbuffer to becomeavailable. In this case,the imageon the

framegrabberis waiting for thehostto �nish processingthepreviousimageresidingin the

buffer neededfor transferof thenew image.

In all of thesecases,wehaveassumedthattheprocessingtakeslongerthanthesensing

interval (
�

u L

�

s). In thecasewhere
�

u
�

�

s (theprocessingis fasterthanthesensing
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rate), doublebuffering makes it possibleto processevery image. In any case,there is

alwaysa minimumlag of
�

s
�

�

u, but dependingon thebuffering usedandtherelation

of
�

s to
�

u thelag canbelarger.

In orderto handleall of thesecases,we introduceasynchronoustrackingprocess(line

3 in Figure3.3) operatingatarateof
�

q. Thetrackingline takesthemostrecentresultfrom

theimageprocessingline andupdatesit for any additionaldelay(depictedas
�

k) usinga

Kalman�lter . In general,wedesire
�

q M

�

u sothattrackingis updatedapproximatelyas

fastasnew resultsbecomeavailable.A secondarybene�t of thesynchronoustrackingline

is that it satis�esstandardcontrol algorithmrequirementsthatassumesynchronousinput

data.Without this line, theresultsfrom imageprocessingcanarriveasynchronously(asin

Figures3.4- 3.5).

Thefourth and�fth linesin Figure3.3representthecontrolprocessandcompletionof

motion. We considerthe casewherethe distancetraveledby an objectbetweentracking

updatesis larger thana robot could safelyor smoothlymove during a single iterationof

control.Thecontrolis thereforebrokenup into aseriesof N sub-motioncommandsoccur-

ring at a rateof
�

c. Additionally, we expectthemotionrequestedby any new iterationof

control to take
�

f time to complete.Figure3.3depictsthecasewherecontrolcommands

arecumulative (eachnew control commandis relative to the last commandedgoal). In

Section3.2.1we describeour prototype,which usesanoff-the-shelfAdeptcontrollerthat

operatesin thismanner. For thiscontroller, themotionis completedsometime
�

f afterthe

lastgivencontrolcommand.It is of coursepossibleto haveanopenarchitecturecontroller

that�nishes themotionjustprior to thenext iterationof control. In this case,
�

f M

�

c.

Oncevaluesare known for the variables
�

s,
�

u,
�

q,
�

c and
�

f , it is possibleto

derive variousexpressionsfor controllinga robot to solve speci�c problems,for example,

to intercepta moving object. In thenext section,we describeour prototypeworkcell and

derivationof thetiming variables.In Section3.3, wederiveanexpressionfor implementing

a “lunge” of therobotto interceptanobjectmoving with anapriori unknown trajectory.
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Figure3.6: Ourprototypedynamicworkcell.

3.2.1 Prototype

Figure3.6 shows a pictureof our prototypeworkcell for this project. We usea St
�

aubli

RX130manipulatorwith its conventionalcontroller, theAdeptCorporationmodelMV-19.

A network of six camerassurroundstheworkcell,placedon a cubeof aluminumframing.

The camerasare wired to two imaging technologyPC-RGBframegrabbers(A/D video

converters)mountedin a CompaqProliant8500computer. The Compaqhasa standard

SMP (systemmultiprocessor)architectureequippedwith 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

experimentsto show thatour systemcantrackdifferentkindsof objectsusingcontinuous

visualsensing.

Figure3.7shows a timing diagramdescribingthe�o w of informationthroughthesys-

tem,alongwith how long eachsteptakes. Someof theseestimateswerederivedanalyti-

cally from knowledgeof thehardware,while otherestimateswerederivedfrom measure-
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Figure3.7: Information�o w throughsystem.

mentstaken while the systemwasoperating. We will discusseachpart in detail in the

following paragraphs.

Figure3.7startswith aneventthatis happeningin realtime(e.g.anobjectmoves).The

camerasoperateat30Hz usingthestandardNTSCformat,sothatfor thissystem
�

s �

���

ms. The objectstatein reality that is imagedtakes33 ms to transferfrom the camerato

the framegrabber. The six camerasaresynchronizedon a commonclock for the vertical

sync(startof image).Eachcamerais greyscale,sothatthreecamerasmaybewired to the

red,greenandbluecomponentsof anRGB input on a framegrabber. After 33 ms,all six

imagesaredigitizedandresidingin framegrabbermemory.

The framegrabbershave microcontrollersthat canoperateasPCI busmasters,initiat-

ing transfersfrom framegrabbermemoryto main memory. The Compaqis programmed

to usea ring buffer (with roomto hold two setsof six images),to facilitatedoublebuffer-

ing. While onesetof six imagesis beingprocessed,a secondsetcanbetransferredfrom

framegrabbermemoryto mainmemory, at thesametime. Assumingnegligible traf�c on

thePCI bus,thetime for this transfercanbecomputedasthetotal numberof imagebytes

dividedby thebandwidthof thebus: (640
�

480
�

4
�

2 bytes)/ (4 bytes
�

33 MHz) =

19 ms, wherethe bandwidthis the theoreticalmaximumprovidedby the 32-bit 33 MHz

PCIstandard.
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Theimageprocessingportionof oursystemcreatesa two-dimensionaloccupancy map

of thespacein ahorizontalplaneof interestin theworkcell,locatesthecentroidof anobject

in thisspace,anddisplaystheresulton-screen[3]. Baseduponempiricalmeasurementsof

the run-timeof the imageprocessingmethodson theCompaq,we observedthemto take

approximately30msonaverageeachiteration.ThistimecanvarybyapproximatelyN

�

ms

dependinguponthecontentof theimages.We discussthevariancesof our measurements

in moredetailat theendof this section.We alsomeasuredthattheimagedisplaytakes14

mson average.Therefore,the total processingtime
�

u for this systemis 19 + 30 + 14 =

63 ms.

Theimagesmaywait in buffersbeforebeingprocessed,dueto our useof consecutive

doublebuffering (seeFigure3.5). Thewaiting time canvary dependingon thephasingof
�

s and
�

u asshown in Figure3.7. We noticedthat after several iterations,the waiting

time repeatsin a pattern. The main memorywaiting time
�

wm becomesa constant(39

ms) after 4 iterations.From Figure3.7, we canobserve that the PCI bus transferalways

happensright after imageprocessing�nishes. Therefore,themain memorywaiting time
�

wm equalsthedisplaytime plusimageprocessingtime,minusPCI bustransfertime, i.e.

14+ 14+ 30- 19= 39ms.Theframegrabberwaitingtime
�

wf is repeatingin 3 numbers,5

ms, 16ms,27ms.Sowetaketheaveragewaiting time
�

wf as( 5 + 16+ 27) / 3 = 16ms.

Thuswe canget thetotal averagewaiting time
�

w �

��2

�

#PO

�

���

ms. For our system,

thesyncingtime
�

k is avariablethatwegetin real-time.Addinguptheappropriateterms

(
�

s
�

�

u
�

�

w
�

�

k), theprocessinglag for this systemis 33 + 63 + 55 +
�

k = (151+
�

k) ms.To unify theterms,weuse
�

l to expressthecomputablepartiallagtime(151ms).

After synchronization,the stateof the object is sentthrougha 10 Mbit ethernetlink

from theCompaqto theAdept. Basedon empiricalmeasurements,theseoperationswere

observedto collectively take lessthan1 ms. For this systemwe set
�

q = 40 mswhich is

nearbut slightly undertheoccupancy maptimeplustheimagedisplaytime (30+ 14 ms).
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At this point theAdept (robot)hasa new goal. This goal is directly forwardedto the

motor-level controllerthroughthe“Alter” command[21]. Accordingto themanufacturer

(Adept),themaximumissueratefor theAlter commandis 500Hz (onceevery 2 ms),but

throughexperimentationweobservedthatthisratecouldnotalwaysbemaintained.There-

fore we set
�

c = 4 ms. Theprecisedetailsof themotor-level controllerareproprietaryto

AdeptCorporationandcouldnotbedetermined.Thereforewe determined
�

f empirically

throughrepeatedmeasurementsof the time it took to completean Alter command.We

observedthatthetimevary from 120to 150ms,with acommonlyoccurringmedianvalue

of 130ms.We thereforeset
�

f to be130ms.

In our modelwe assumeconstantsfor mostof thelag terms.Our estimatesfor all pa-

rametersexceptfor occupancy mapcomputationtime,displaytime,androbotmotionlag,

weregeneratedvia analysisof modelsbasedon known timing constraints,asdiscussed

above.Theremainingthreeparameterslistedaboverequiredinformationnotdirectlyavail-

ableto us,andwereobtainedfrom averagesvia empiricalmeasurement.It is importantto

notethat all of thesetermshave variances,someof themhaving appreciablesizein this

context (morethan1 ms).For thesensingandprocessingterms,it wouldbeidealto times-

tampeachimageuponacquisitionandmeasurethe termsprecisely. However, in orderto

solve problemsinvolving estimatesinto the future (for exampleto plana catchof an ob-

ject) it is necessaryto haveaverages.Thereforewe only notethevarianceshere,andleave

amorethoroughunderstandingof theireffect to futurework.

In orderto validateourestimateof total lagfor oursystem,weconductedaseriesof ex-

periments.Figure3.8showsapictureof theexperimentalsetup.Wesetupanothercamera,

completelyexternalto oursystem,to observe its operation.A conveyor wasconstructedto

move in a constantpathat a constantvelocity. A light bulb wasattachedto theconveyor

and the systemwasdirectedto track the object,keepingthe robot positionedabove the

light bulb. A small laserwasmountedin the endeffector of the robot, so that it pointed

straightdown onto the conveyor. The experimentwascon�gured to make it possiblefor
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Figure3.8: Experimentalsetupfor lagmeasurement.

theexternalcamerato estimatethedistancebetweenthelight bulb andthefootprint of the

laseron theconveyor. Knowing thevelocity of thelight bulb, we wereableto empirically

measurethe total lag of our system,andverify that it matchedthe estimatederived from

our timing model. Completedetailsof this experimentcanbefound in a technicalreport

[24].

3.3 Experiments

In orderto testourmethods,weexperimentwith theproblemof catchingamoving object.

Figure3.9 depictsthe scenario. The object is moving at an unknown constantvelocity

in a straightline. In this example,the object is moving in onedimension;however, we

formulatethe solutionusingvectorsto indicatethat the solutionis alsoapplicableto 2D

and3D problems.Due to the processinglag, the mostrecentlymeasuredpositionof the

objectis wheretheobjectwas(
�

l
�

�

k) mspreviously. Wedenotethislocationas Qxt A

-

l A

-

k.
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x t x t+ Dix t- Dl- Dk

Figure3.9: Scenariofor interceptingobjects.

Thecurrentpositionof theobject,i.e. thetime whentherobotstartsto lungetowardsthe

object,is denotedas Qxt. Thecurrentvelocity of theobjectis denotedas Qvt, andis assumed

to beequalto the lastmeasuredvelocity Qvt A

-

l A

-

k. Therefore,therelationshipbetweenQxt

and Qxt A

-

l A

-

k is describedin thefollowing equation:

Qxt �RQ xt A

-

l A

-

k �

Qvt A

-

l A

-

k

�

�

l
�

�

k (3.1)

It will take someamountof time
�

i msfor therobotto reachthepoint of impactwhereit

will catchtheobject.Wedenotetheimpactlocationas Qxt
�

-

i.

Thereis morethanonewayto considerimplementingacatch.Oneapproachis to keep

the robot's positionat the most recentlymeasuredposition( Qxt A

-

l A

-

k) andthen lungeto

the �nal impactposition. Theadvantageto this approachis that therobot is only moving

to locationswherethe objecthasactuallytraveled. The disadvantageto this approachis

that the robot must lungea distancethat coversthe lag time plus the time to impact. A

secondapproachis to keepthe robot's positionat the currentposition( Qxt), or even keep

therobot's positionnearthepredictedimpactposition( Qxt
�

-

i). If theobjectis moving at a

constantvelocityor in a �x edpattern,thisapproachwill notsuffer from mispredictionand
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will alwaysdecreasethelungedistance.However, if theobjectmotionis notsocontrolled,

thisapproachcouldcauseunfavorablebehavior, for exampleincreasingthelungedistance

in the casewherethe object reversesdirection. In eitherapproach,we candescribethe

interceptproblemas the following: if the robot desiresto interceptthe object at time t

while following the object,how many control commands(N) shouldbe issuedbetween

time t andthetime whentherobot interceptstheobject,andwhat is theconstantdistance

(
�

Qd) thateachsinglecontrolcommandshouldmove.

For someproblems,N is �x ed. Thesolutionfor a �x edN probleminvolvesonly one

equation:

Qxt
�

-

i ? i
@

�RQ xt ? i
@S�

Qvt ? i
@

�

�

c
�

�

N �

#

 

�

�

f  (3.2)

For our problem,N is varying. Supposethat Qxt A

-

q is thepositionwheretherobotwas

last commandedto move to, i.e. thepositionwheretheobjectis at time t �

�

q, Qn is the

numberof alterswhich will beexecuted,andd is themaximumdistancea singlealtercan

move. Thesolutionnow involvestwo equations:

Qxt
�

-

i ? i
@

�TQ xt ? i
@S�

Qvt ? i
@

�

�

c
�

�

Qn ? i
@

�

#

 

�

�

f  (3.3)

U

Qxt
�

-

i ? i
@

�&Q xt A

-

q ? i
@

U

�VQ n ? i
@

�

d (3.4)

CombiningEquations3.3 and3.4, basedon the assumptionthat the objectdoesnot

changevelocitydirectionbetweent
�W�D�

t �

�

q, weobtain:

Qn ? i
@

�YX

�

�

f �

�

c 

U

Qvt ? i
@

U

�

U

Qxt ? i
@

�ZQ xt A

-

q ? i
@

U

d �

�

c
U

Qvt ? i
@

U [ (3.5)
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�

q �

4

�

�

q �\�

�

velocity
(mm/s)

stdev (mm/s) catch per-
centage

velocity
(mm/s)

stdev (mm/s) catch per-
centage

84.4– 97.4 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: Experimentalresultsfor catchingthemoving object

Whenwesolve for Qn, thereis aconstraint:

U

Qvt ? i
@

U

�

d
�

c
(3.6)

This equationrepresentstheconstraintfor successfulinterceptbetweenthevelocityof

themoving objectandthekey parametersin thetiming model.

ThenN is chosenasthemaximumelementof vector Qn. Therefore,

�

Qd ? i
@

�

Qxt
�

-

i ? i
@

�ZQ xt A

-

q ? i
@

N
(3.7)

3.3.1 Experimental setupand results

To verify thatourmodelis effective,wedesignanexperimentto let our industrialmanipu-

lator catcha moving object.A smallcylindrical objectis draggedby a stringtied to a belt

moving ataconstantvelocity. Thebelt is movedby aDC motor. Theobjectmovesalonga

straightline. Figure3.10shows our experimentalsetup.Therobotfollows theobjectwith

theend-effectorpointingstraightdown approximately300mmabovetheobject.Whenthe

robotis commandedto intercepttheobject,therobotwill lungeandcovertheobjectonthe

tablewith a modi�ed end-effector, a small plasticbowl. Thediameterof theobjectis 70

mm, thediameterfor thesmallbowl is 90 mm. Therefore,theerrorshouldbelessthan10

mmoneachsidein orderto successfullycatchtheobject.
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(a) initial position (b) impactscene

Figure3.10:Experimentalsetupfor catchingthemoving object.

In orderto testtheapplicabilityof our timing model,we conductedtwo setsof exper-

iments. We set
�

q to two differentvalues,40 and80, in thesetwo setsof experiments.

We variedthe voltageof the motor driving the conveyor to let the objectmove at three

differentvelocities.For eachvelocity, we kept thevoltageof themotorconstantto make

theobjectmove in a relatively �x edvelocity, andrantheexperimenttentimes. Table3.2

shows the resultsof the experiments.The velocity columnis �lled with the rangeof the

averagevelocity in the ten experiments. The standarddeviation column is the rangeof

thestandarddeviation of thevelocity of eachexperiment.Theresultsdemonstratethat if

the objectmovesat a relatively �x ed velocity, the robot catchesthe object100%of the

time independentof thevelocity of theobjectandthepositionupdatetime (
�

q). We have

additionallyconductednumerousexperimentswith moreunpredictableobjecttrajectories

(using fansto blow objectsin the workspacein semi-predictableways), and found the

resultsto generalizewell. Theseresultswill bereportedin ??.
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Chapter 6

Conclusion

In this dissertation,we have discussedanddetaileda novel approachto the designof a

workcell for industrial manipulators. The systemis basedon an embeddednetwork of

cameras,which produce,in real-time,an occupancy mapfor the workspace.Using this

map, the robot can react to manipulate�e xible and dynamicobjectsin the workspace.

In order to allow the robot to adaptto the sensordatawithout modifying the industrial

controller, thetrajectorygeneratorwasmodi�ed appropriately.

We alsopresenteda generictiming model for a robotic systemusingvisual sensing,

wherethe cameraprovidesthe desired positionto the robot controller. We demonstrated

how to obtainthevaluesof theparametersin themodel,usingourdynamicworkcell asan

example.Thenwe showedhow this timing modelcanbeusedto solveproblems,usingas

anexampletheproblemof our industrialrobot interceptinga moving object. The results

of theexperimentsshow thatourmodelis highly effective,andgeneralizable.

Basedon this timing model,we presenteda novel concept,supportedby genericand

simpletheoryandextensiveexperimentsto quantifythedynamicinterceptability of vision

basedroboticsystems.We validatedthetheoryby designing15 setsof experimentsusing

our industrialworkcell. Theresultsshowedthat themodelwaseffective in predictingthe

capabilitiesof theworkcell.
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