DesigningVisually Servoed Tracking to Augment Camera Teleoperators

A Thesis
Submittedto the Faculty
of
Drexel University
by
lon RaresStanciu
in partialful llment of the
requirementgor thedegree
of
Doctorof Philosoply
Decembel004



¢ Copyright 2004
lon RaresStanciu.All RightsResered.



Dedications

To my parents



Acknowledgements

| have beentruly encourage@ndblessedy several peoplealongtheway of my research.
ProfessoPaul Oh never gave up on me. He broughtout the thesisandideaswhich were
lockedinsideme. Thankyou for all your patient,for your guidanceandfor mentoringme
asl grew asaresearcherDr. Oh, you challengedneto becomearesearcheandpainted
in mea pictureof the next generatiorof robotics.

| would alsolike to thankmy committeefor the help, guidanceandvaluablesug-
gestionsyou gave me. ProfessoHarry Kwatry, thankyou for your big helpin thecontrols
eld aswell asin modellingmy system Withoutyourexpertisel wouldstill bestuckonthe
boommodel. ProfessoiSorin Siggler, thankyou for your help regardingthe dynamicsof
my boom. ProfessoAndrew Hicks, thankyou for helpingme betterunderstandhe math-
ematicalaspectof vision. ProfessoAjmal Yousuf, thankyou for your beinga modelin
teaching.Youwerealwaysapproachablandhelpful. ProfessoBelta,you alwaysadvised
me andyou werealwaysapproachablel would alsolike to thankProfessodayde Desai
for allowing me to usethe PRISM LAB facilities aswell asthe Mitsubishirobotic arm.
| wish to thankProfessoiLau aswell for his constantencouragemerdandhelp alongthe
way. | wishto thankProfessolChoifor his constansupportandhelp.

| amalsogratefulto theothersmember®of thedepartmentKathieDonahueStephanie
Delang, Joannd-erroniandStephano&arasfor their loving andmoralsupport.

Also | wantto thankmy lab colleaguesandfriends, Dr. ImhauserDr. Kennedy
Mr. Tie Hu, Mr. Gregory Tholey, Ms. TeeranootChantasopeephaiMr. JamesHing,
Mr. AnandPillarsetti,Mr. Keith Sescik andMr. MariusKloetzerfor all their supportand
encouragementl would like to addresspecialthanksto Mr. SubaThomasfor helping
andadvisingme so mary times. | wish to thankall of you for your constantavailability,
helpandsupport.Specialthanksto my colleagueandfriend Mr. William Greenfor much
adviceandsupport.

In theend,| wouldlik e to thankto my wife Adrianafor herfaithin me,herhelp,as



well asherconstanencouragement.alsowantto thankmy family, my mother my sister

andmy brotherin-law, for all their support.



Table of Contents

Listof Tables. ... viii
I3 8 ) T U IX
ADSTIACT .. Xiii
(R 11 {0 To 1§ o 1o o I PP 1
1.1 PreamblaandODbjeCIVe. .........uri 1
1.2 MotivationandResearchPlatform.............cooooiii 3
1.3 SyStemMDESCHPION. ..ttt 5
1.4 ThesisSigni canceandOutline......... ..o e 8

2 RelatedVisualSernoingResearch............coooviiiiiiii e 10
2.1 BroadOVEIVIBN .. ...ttt et e 10
2.1 1 CamMeraS O U, . oo 10

2.1.2 IMagePrOCESSING. ...ttt ettt et 11

2.1.3 GeneralControl Approaches. ..........ooovviiie i, 11

2.2 Image-BaseWisually-SeroedTracking.............ccooieiiiiiiiiiinann. 13
2.2.1 HumanOperatedSyStemsS. .......ooirii e 14

2.3 Applicationsto OurVision SYStem. ........ceviiiiiiiiii e 16

3 PreliminaryEXperiments. ... ..o 17
3.1 TheCognachrom@000Color Tracker .........c.covviuiiiiiii i 17
3.2 ThePan-Tilt Unit.......oooii e 18
3.3 A SimpleProportionalController. ... 19
3.4 EXperimentDesCriplion . .......o.ueueie e 19
3.5 TheCouplingController........ ..o e 21
3.5.1 Experimentswith the CouplingController............................. 25

4 TheFeedforvard CoNtrOller. ....oove e e 27



4.1 VisualFeedforvardControl...........oooeuiiiii e 27
4.2 TargetPositionEstimation.............ooo 29
4.2.1 SimpleDifferentiation..........cccoviiiiiiiiii 30
422 Thea-btrackinglter ..o 30
423 Thea-b-gtrackinglter ..o 31
4.2.4 Kalman [er ... 32
4.3 ThePan-Tilt Unit TransferFunction. ... 32
4.4 FeedforvardControllerimplementation..............ccooviiiiiiiieaiiinnn.. 34
4.4.1 Stabilityofa -b-g lter ... 34
4.4.2 TheCondensatiollgorithm ... 37
4.5 ExperimentdVith theFeedforvardController............................... 39
4.5.1 PeopleTrackingExperiment...........ccooviiiiiiiien i, 39
4.5.2 TrackingtheCyeRobOt............cooiiiii 41
4.5.3 A Comparisorbetweerthe FeedforvardandtheProportionalCon-
L0 11 42
A Modelfor the Boom-Camer&yStem.........ovviiiiiiiiie e iiieeaiieans 44
o 00 R | 1o o 13 o 1o S 44
5.2 How to modelthesSysStem .........c.vviiiiii e 44
5.3 Creatingthe SymbolicModel ... 45
5.4 ModelValidation. ... 48
TheOutputTrackingRegulationController.............ccooeeiiiiii e, 52
6.1 INtrOAUCTION ...\ e 52
6.2 TheoreticaBackground............c.ooiiiiiiii e 52
6.3 Designof the OutputTrackingRegulationController......................... 53
6.4 OutputTrackingRegulationController: SimulationResults.................. 55
6.5 Experimentsisingfeedforwardwith OTR controller.......................... 56



6.5.1 MitsubishiRobotExperiment.............ccooiiiiiiiiiiiiieens, 56

6.5.2 Ball trackingExperiment........ ... 57

7 ComparisorOperator+ Vision SystemversusOperatoronly ...................... 60
7.1 INtrOTUCTION .. e e e e 60
7.2 UnrestrictedBoomPath ........ ... 60
7.2.1 InexperiencedperatotVithoutVision.............ccoovviiivnnnnn.. 61

7.2.2 InexperienceddperatotVith Vision ............coooiiiiiiiiiiinnnn... 61

7.2.3 ExperiencedperatoMVithoutVision...........c.c.ooviiieiiininn.. 63

7.2.4 Conclusionn theCaseof UnrestrictedBoomPath ................... 63

7.3 RestrictedBoOmMPatN. ... 64
7.3.1 InexperiencedperatoMVithoutVision...............ocoevvieiinn.. 65

7.3.2 InexperiencedperatoMVith Vision ............ccviiiiiiiinniinnn.. 65

7.3.3 ExperiencedperatotVithoutVision...............ccoeviiiiinnnnn... 70

7.3.4 Experience®peratoMVith ViSion...........ccoviiiiiiiiiinniinnn.. 70

7.4 Experimentwith OTR controllerimplementedn bothaxis.................. 73
7.4.1 INeXperienCeaOPEratOr. ... ...uei ettt 74

7.4.2 EXPErienCempPerator. . ......o.uuuiiie et 74

7.5 CONCIUSIONS. ..t e e e ans 76

8 Conclusion@ANAFULUIEWOTIK ....... ... e 77
8.1 CONCIUSIONS. ..ttt e e e 77
8.2 FULUIEVOIK . ..o e 77
BiblOgraphy ... e 79
YL 82



4.1
4.2
5.1
5.2

viii

List of Tables

Theparameteref thePTUMOLOrS........ovvvvviiiiiii 33
TheJury's Stability Tableof thea -b-g lter..................ooiiiil. 36
Typesof motionfor liNKS. ... e 46

Boomlink, massesindmomentofinertia........coooovveeeiiiiiiiiann.. 47



11

1.2

1.3

1.4

15

3.1

3.2

3.3

3.4

3.5

3.6

3.7

List of Figures

A trafc helicopteris oftenequippedvith acameraThepilot concentrates
onsafely ying thehelicopterwhile anoperatothandlegshecamera......... 4

An operatorcanboomthe arm horizontallyandvertically to positionthe
camera.The pan-tilt head(lower right inset) provides additionaldegrees-
Of-frEEAOM .. .. o 4

An operatorcanboomthe arm horizontallyandvertically to positionthe
camera.Thepan-tilt head(lower left inset)providesadditionaldegrees-of-
frEEAOM. . 6

TheNewton BoardColor-Tracker. Theboardcomputeghetargetcentroid.
Thisvalueis sentto thePCviatheserialport. ..............ccciiiiiinna.n. 6

A schematiocof our platform. The operatorhandlesthe boom while the
vision systemmoves the PTU-cameraand attemptsto track the moving

Theschematidlockdiagramfor asimpleproportionakontroller Tracking
with sucha controlleris successful...........c.ooiviiiiiii i 19

Tracking a toy truck. The truck is moving back and forth in an “arti -

cial” ervironment. The proportionalcontrolleris usedto track this target
while an operatoris booming. Trackingerror, boomingand cameradata
ArEIECOIAERA. . ...ttt 20

Experimenwvith theProportionalControllerKy = 100, a)encoderb)pixel-
error C)boom-armenCoder .........ooviiiiii 21

Threesequentialmagesfrom videotapingthe experiment. Top row: cam-
era eld-of-view shaws tametis tracked. Middle row: boom manually
controlled.Bottomrow: view from anothercamcorder ...................... 22

Two US Digital encodersveremountedontheboomto determingheangle
of rotationin the horizontalandverticalplane.An ISA PCboardis usedto

FEAtNEIM. .. 23
Boom top view; dueto the couplingalgorithm, the vision systemhasto
compensatenlyforangled. ... 24

The coupling block diagram. Basedon the boom's angularvelocity, the
cameravelocityiscalculated.............oooii 24



3.8

4.1

4.2

4.3

4.4

4.5

4.6

4.7

4.8

4.9

5.1

5.2

5.3

6.1

Coupling Algorithm ExperimentResults: Pan and Tilt errorsandangles.
Theerrorsarestill toobig. .......c.cooiiiiiii 26

The Feedforvard Controllerwith FeedbackCompensationThis bloc dia-
gramis notusablen thisform.................. 28

TheFeedforvard Controllerwith FeedbackCompensatiomasit wasimple-
MENLEA. .. 28

A schematicof camera-scene Using the information coming from en-
coderghecontrollercanestimatehetarget'sposition......................... 29

ThePTU ControllerBlock Diagram.This representshe controllerof each
degree-of-freedonof camera.............oooii i 34

Theactualandpredictedtarget positiondatawererecordedversustime. It
canbe seenthatthe Iter predictsthe targetspositionwithin 25 pixels.
This maximumerroroccurwhencamera-tagetrelative velocity changes... 38

Threesequentialmagesfrom videotapingthe experimentusingthe feed-
forward controller Top row: cameraeld-of-view shavs tamgetis tracked.
Middle row: boom manuallycontrolled. Bottom row shav the working
0L (00| 7= 1 0 T 40

Threesequentiaimagesfrom videotapingthe Cye robot tracking exper
iment using the feedforward controller Top row: camera eld-of-view
shaws tagetis tracked. Middle row: boommanuallycontrolled. Bottom
rOW: theWOrKiNg Program.........ooiuiie e 41

A woodenblock taget was mountedon the end-efector of a Mitsubishi
robotarm (background).The boom-cameraystem(foreground)attempts
to keepthetamget'simagecenteredn thecameras eld-of-view. ............ 42

Trackingerrorscomparingeedforwvardandproportionalcontrolin human-
in-the-loopvisual-servoing Top row: targetsinusoidaimotionandboom-
ing. It canbe seenthatthe operatormoved the boomreal slow (aboutl
deg=seq. Bottomrow: thetrackingerrorusinga proportionalcontrol (left
handside)andafeedforward control(right handside). ....................... 43

A numberwasassignedo every link andjoint. Circlednumbersepresent
jointswhile anumberin arectangleepresentalink. .................o.oo..e. 46

Booming- Experiment(top) andsimulation(bottom). Thetwo curvesare
SIMILAL. L 50

Targetmotion (top gure), errorin pixelsfor simulation(middle) and ex-
perimentalbottom). ..o e 51

The OutputTrackingRegulationControllerasit wasimplemented.......... 54



6.2

6.3

6.4

6.5

6.6
7.1

7.2

7.3

7.4

7.5

7.6

7.7

Xi

Thereferenceaswell asthe outputof the pan-tilt unit usingthe new con-
L0 =T P 55

Thereferenceaswell asthe outputof the pan-tilt unit usingthe new con-
L0 =T P 56

The Feedforvard Controller with the FeedbackCompensatiorasit was
implemented.The outputof trackingregulationcontroller(OTR) is added
tOthesSCheme. ..o 57

TheMitsubishiexperimentusingthe OTR controller The rst gure shawvs
the tagetmoving. The secondgure shavs the boommotion. The third
gure shavsthetrackingerrorin caseof theoutputtrackingcontroller The
fourth gure shaws the error usingthe feeedforvard controller It canbe
seenthatby usingthe OTR controller theerroris lessthen 50 pixels. ..... 58

Ball trackingExperiment. ... 59

Thesetupusingthe Mitsubishiroboticarm (top view). Thetargetis moved
in averticalplane.Theis motionof theboomis notrestricted. .............. 61

Inexperiencedperatomwithout the vision system.The boompathwasnot
restricted. The target was sometimedost. Also, it canbe seenthat the
operatorconcentratesn moving the cameraratherthanonbooming........ 62

Inexperiencedoperatorwith the vision system. The boom pathwas not
restricted. The vision systemnever losesthe target. Also, it canbe seen
thattheoperatomovestheboom. ... 62

Experiencedperatorwithout the vision system. The boom pathwas not
restricted. The target was sometimedost. Also, it canbe seenthat the
operatoratherconcentratesn moving thecamerahanonbooming........ 63

The operatowill move the cameraalongthe path. He hasto avoid hitting
theobjectsaswell. ... ..o 64

Inexperienceaperatowithoutvisionsystem.Thetoprow shavstheboom
in positions*2”, “3”, “4” and“5” (seeFigure7.5). Themiddlerow, shavs
theboomcamergpoint of view. Thebottomrow shavs the programtrack-
ing. Theoperatoris ableto boomalongthe path,but sometimeghetarget
Is lost. In this case the programfocuseson otherobjectsin theimage....... 66

Boomtilt (top gure) andpan(bottom gure) anglein the caseof anin-
experiencedoperatorwithout vision. It canbe seenthat boomingis not
SIMOOTN. L 67



Xi
7.8 Inexperiencedoperatorwith vision system. The targetis never lost. The
top row shavstheboomin positions‘2”, “3”, “4” and“5” (seeFigure7.5).
The middle row shavs the boom camerapoint of view. The bottomrow

shaws the programtracking. Wit the helpfrom vision, the operatoris able
to boomalongthe pathandthetamgetis neverlost. ...l 68

7.9 TheHorizontalTrackingError of Inexperiencedperatomusingvision. ..... 68

7.10 Boomtilt (top gure) andpan(bottom gure) anglein the caseof inexpe-
riencedoperatomwith vision. It canbe seernthatboomingis smoothethan
whennotusingVision (FIQUIre7.7)). ..o e 69

7.11 Experiencedoperatorwithout vision. It canbe seenthat sometimeshe
L6210 1= 8 3] 0] O 70

7.12 Boomtilt (top gure) andpan(bottom gure) anglein caseof experienced
operatorwithout vision. It canbe seenthat boomingis smootherthenin

caseof inexperiencedperatomwithoutvision. ..............cccviiiinenan. 71
7.13 Experienceaperatomwith ViSION SysStem............ooiiiiiiiiiiiiiiieneanns 72
7.14 Experiencedperatowsingvision. TheHorizontalTrackingError. ......... 72

7.15 Boomtilt (top gure) andpan(bottom gure) anglein caseof experienced
operatowith VISION. ..o 73

7.16 Inexperiencedoperatorwith vision system. It can be seenthat target is
muchcloserto theimagecenterin comparisorto ary otherexperiment..... 74

7.17 Experiencedperatomith vision system.It canbe seerthattargetis much
closerto theimagecenterin comparisorto ary otherexperiment............ 75

7.18 Trackingerrorin caseof experiencedperator(top) aswell asin caseof
inexperiencedperator(bottom). The boomingpathwasrestricted.It can
be seernthatthereis no differencebetweererrorplots. ........................ 75

7.19 Boominganglesin caseof experiencedperator(top) aswell asin caseof
inexperiencedperator(bottom). The boomingpathwasrestricted.It can
be seenthatthereis notmuchof a differencebetweerplots................... 76

8.1 A boomfully actuatedThemotionis preciselyprescribecandrepeatable.. 78



Xiii

Abstract
DesigningVisually SenoedTrackingto AugmentCameraleleoperators

lon RaresStanciu
Paul Y. Oh

Robotshave now far moreimpactin humandife thentenyearsago.Vacuumclean-
ing robotsare alreadywell known. Making today's robotsto work unassistedequires
appropriatevisual serwing architectureIn the past,alot of efforts weredirectedtowards
designingcontrollersthat reliesexclusively on imagedata. Still mostrobotsare senoed
kinematicallyusingjoint data.

Visual senoing architecturenasapplicationsnot only in robotics. Video cameras
are often mountedon platformsthat canmove like rovers,booms,gantriesandaircrafts.
Peoplecan operatesuch platformsto capturedesiredviews of a sceneor a target. To
avoid collisions,with theernvironmentandocclusionssuchplatformsdemandsnuchskill.
Visual-serving somedegrees-of-freedonmay reducethe operatorburdenand improve
tracking.We call this concepthuman-in-the-looisual sernoing.

Human-in-the-loopsystemsnvolve an operatorwho manipulatesa device for de-
siredtasksbasedn feedbackirom the device andervironment.For example,deviceslike
roversgantriesandaircraftspossess video camera.The taskis to controlmaneuer the
vehicleandpositionthe camerato obtaindesired elds of view. To overcomejoint limits,
avoid collisionsandensureocclusion-freesiews, thesedevicesaretypically equippedwith
redundantegrees-of-freedomrrackingmoving subjectswith suchsystemss a challeng-
ing taskandrequiresa well skilled operator In this approachwe usecomputervision
techniquedo visually seno the camera.The neteffectis thatthe operatofjust focuseson
safely manipulatingthe boomanddolly while computefcontrol automaticallysernos the

camera.



1: Intr oduction

1.1 Preambleand Objective

A shorttime beforethe writing of this thesis, NASA's Spirit rover landedon Mars.
This wasanothergreatachiezementin robotics. Unlike Sojournerwhich wascompletely
teleoperateétom Earth,Spirit hadits own vision system.The stepfrom Sojournetto Spirit
wastowardsmakingrobotswork autonomously

Almostall of today's robotsoperatan factorieswherethe environmentis contrived
to suit the robot. Robotshave lessimpactin applicationswherethe objectplacementbr
environmentis notaccuratelycontrolled.This limitation is aresultof theirlack of sensors.
It is well known thatsensoiintegrationis extremelyimportantfor increasingheversatility
and applicationdomainof robots. This is basicallythe domainwhich providesa lot of
researchopportunities.One speci c type of sensorthatis subjectto a lot of researchis
vision.

Vision is a robotic sensorthat mimics the humansenseof vision. It allows for
noncontacmeasuremerf the ervironment. The rst applicationof computervision on
robotswas by Hill and Park in the 1970s[14]. Over the last threedecadesyision has
beenusedto demonstrateobotsplaying ping-pong,avoiding obstaclesandautomatically
landingaircraft. Applicationswhich includevision sensorsn carshave alsobeenstudied.
Despitea considerablé&nowledgebaseandacceptediesignmethodsyision-baseaontrol
in unstructurecanddynamicervironmentsremainsan openproblem.Visual senoing, the
problemof senoing the robot basedon real-timeimagedata,is not nen. Over the past
fteen yearsmary systemshave beendeveloped,visually senoing robotsto juggle [28],
play ping-pong,pick up a moving toy train, play table-topsoccey hanestfruit anddrive
cars. Still, dynamiccon gurationsand camerasystemdeaturinga humanin the control
loop have not beenconsideredn depth.This thesisexploressuchcases.

In the 1970scontroldesignergocusedheir efforts toward overcominglargeimage
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processindatenciesassociateavith slow framerates.Digital signalprocessingasedvi-
sionboardsbecameavaliablein the early 1990s.Still, imagedatawasnot very robust. So,
effort wasfocusedon developingimageprocessinglgorithmsusingstochastigrediction
andestimationtechniquesand”getting thingsto work”. With muchof the lateny issues
having beenovercomeyisionresearctiocusis onmakingroboticcamerasystemsactmore
intelligently.

For the mostpart, visually-seroedrobotsrely exclusively on imagedatato seno
its joints. By contrast,mostfactory robotsare kinematicallyserwed; solely relying on
their encoderdata. Peopledisplayinterestingbehaiors when performingvision-related
tasks,suggestinghathumansmplg bothimageandkinematicdata. In trackingmoving
objectshumangendto useseveraljoints (eye, neckandtorso)andtheir motionssuggests
a kinematicjoint coupling. For example,both the eyesandthe necktypically panin the
samedirection. Also, eye movementgendto startbeforeneckmotions. This way, people
track prettywell despitdarge variationsin targetmotions.

Using of-the-shelfhardware, systemsthat track moving objectswere studied. A
robot was often usedto move the camerawhich was attachedo its end effector Here,
the manipulatorupdateghe camerapositionsand orientationsto maintaina desired eld
of view of the target. Given a targetwith known dimensionssuchasa planarblock, an
image Jacobianwhich mapsdifferential changedetweenpixel andtask spacescanbe
computed.Thenetresultis thatthetarget's 6 degrees-of-freedormotioncanbe computed
andtracked by a 6 degrees-of-freedongye-in-handmanipulator A problemthat arisesis
whatto do whenthe manipulatorpossessnore than 6 degrees-of-feedomor if someof
themanipulators deggrees-of-feedomare human-contlled. Theformerprobleminvolves
degrees-of-freedommedundang. Here, thereare additionaljoints that could be invoked
to con gure a camergpose. Suchdegrees-of-freedoncan be exploited to overcomejoint
limitations.

Thelatter probleminvolveshuman-in-the-loogystems.For example,camerasre
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oftenmountedon platformslike booms rovers,aircrafts,andsubmersiblefor applications
suchasbroadcastinggxploration,andsurweillance.A skilled operatormaneuersthe plat-
form to capturethe desired elds-of-views. As such,the humanbecomes componenin
theclosedloop controlof thecamera.Theobjective of this thesisis to designa humanop-
eratedrobotvision systenthathelpsthe operatorto trackmoving objects.Here,computer

visionis involvedto controlthe cameras two degrees-of-freedom.

1.2 Motivation and Reseach Platform

Human-in-the-loogsystemsanvolve an operatorwho manipulatesa device for de-
siredtasksbasedn feedbackirom the device andervironment.For example,deviceslike
rovers, gantries,and aircraft posses& video camerawherethe taskis to maneuer the
vehicleandpositionthe camerao obtaindesired elds-of-view. Suchtaskshave applica-
tionsin areadik e broadcastinginspectionandexploration. Suchdevice-mounteccamera
systemften possessnary degreesof freedom(DOF) becauseét is importantto capture
asmary elds-of-view aspossible.To overcomejoint limits, avoid collisionsandensure
occlusion-freeviews, thesedevicesaretypically equippedwith redundanDOF. Tracking
moving subjectswith suchsystemss a challengingtaskbecausét requiresa well skilled
operatorwho mustmanuallycoordinatemultiple joints. Tracking performanceébecomes
limited to how quickly the operatorcanmanipulateedundanDOF

As examples,two suchsystemsare presentedn Figuresl.1and1.2. In the rst
picture,atrafc helicopteris shavn. A gyrostabilizedcameras attachedo it. Suchplat-
formsareusedfor traf c suneillance.This systementailstwo peoplein normaloperation.
The pilot safelyguidesthe helicopterto avoid hitting buildings or bridgeswhile a copilot
manuallymanipulateshe camerao keepa groundtargetin focus.

The secondsystem(shavn in Figure 1.2) is a typical cameraboom usedin the
broadcastingndustry The camerais shavn in the the lower right cornerof the image.

This systementailstwo operatorsaswell. The rst rotatesthe boomandconcentratesn



T et
gyrostahilized PTU camera

Figurel.l: A trafc helicopterns oftenequippedwith acamera.The pilot concentratesn
safely ying thehelicopterwhile anoperatothandleghe camera.

Figurel.2: An operatorcanboomthe armhorizontallyandvertically to positionthe cam-
era. Thepan-tilt head(lower right inset)providesadditionaldegrees-of-freedom.



avoiding collisionsinto peopleandobjects.The secondhansandtilts thecamera.

Thesystemsshavn in Figuresl.landl.2 arepilotedby humans.The rst operator
ensures safecoarsemotionwhile thesecondctoordinatesne cameranotionsto maintain
the targetin focus. Theseare examplesof human-in-the-loogystemswhich involve an
operatorwho manipulatesa device for desiredtasksbasedon feedbackfrom the device
andervironment. Trackingperformancéecomedimited to how quickly the operatorcan
manipulateredundanDOF,

Machinevision is a multi-disciplinedproblem. This thesiswill not examinesub-
problemdike real-timeimageprocessingimageunderstandin@r motion planning. They
canpreseninterestingchallengesbut we have notfoundthemto be particularlyconfound-
ing with todays’s off-the-shelfvision hardwareandsoftware.

This thesiswill presentaway to dealwith a human-in-the-loogystem.Somepre-
liminary experimentswveredone rst. Usinga very simplecontrollerthe cameravasable
to track slov moving objects. A feedforward controllerwith a feedbackcompensators
adoptedo sidestephe challenges Adding anothercontrollerto the systemimprovesthe

performanceeven more.

1.3 SystemDescription

Our particularinterestin computervision involvesimproving a cameraoperators
ability to track fastmoving targets. Visual-servoings usedto controlsomeDOF so that
the operatohasfewer joints to manipulate.

Oursystems shavnin Figurel.3andis atypical platformfoundin thebroadcasting
industry The platformis composedf a 4-wheeleddolly, boom, motorizedpan-tilt unit
(PTU)andcameraThedolly canbe pushedandsteeredThe1:2 m long boomis linkedto
thedolly via acylindrical pivot which allows theboomto sweepmotionshorizontally(pan)
andvertically (tilt). Mountedononeendontheboomis a2-DOFmotorizedPTUandvideo

cameraweighing9:5 kg. Themotorsallow anoperatorto both panandtilt thecamera360



Figurel.3: An operatorcanboomthe armhorizontallyandvertically to positionthe cam-
era. Thepan-tilthead(lower left inset)providesadditionaldegrees-of-freedom.

Figure 1.4: The Newton Board Color-Tracker. The boardcomputeghe target centroid.
Thisvalueis sentto the PCvia theserialport.
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degreesatapproximately90 deg/sec.The PTU andcameraarecounterbalancely 29:5 kg

dumbbellplatesmountedon theboom's oppositeend.

Our particularinterestis to apply visual-servoingo augmentan operators ability
to trackmoving targets.Computewisionis usedto controlsomeDOF sothatthe operator
hasfewer DOF to manipulate.

Broadcastuse of this boom-cameraystemnormally entailsone or more skilled
personnel(1) With ajoystick, the operatorsenosthe PTU to pointthecameraA PC-104
smallboardcomputerandISA busmotioncontrolcardallow for accuratendrelatively fast
cameraotations.(2) The operatomphysically pusheson the counterweighte@éndto boom
thecamerahorizontallyandvertically. Thisallows oneto deliver adiverserangeof camera
views (e.g. shotslooking down at the subject),overcomePTU joint limits, and capture
occlusion-freeviews. (3) The operatorcanpushandsteerthe dolly in casethe boomand
PTU arenotenoughto keepthetarget'simagein thecameras eld-of-view. Theneteffect
is ahuman-in-the-loogamerasystemhatpossessaeedundantegrees-of-freedom.

Trackingamoving objectwith abroadcasboomis aparticularlychallengingask. It
requiresoneor morehighly skilled operatoravho coordinatehe platform’s mary degrees-
of-freedomto keepthesubjectsimagein thecameras eld of view. Trackingperformance
is thuslimited to how quickly the operatormanipulatesandcoordinatesnultiple degrees-
of-freedom. Thegapin the knowled@g baseis the absenceof an analytical frameavork to
designvisuallyservoedeye-in-handsystemsvhenredundantegrees-of-feedonmor human
operators are involved

This thesisappliescomputervision to track a moving target with this broadcast
boom-arm.The neteffectis whatwe call human-in-the-loowisual servoing— the opera-
tor focuseson safelymanipulatingthe boomanddolly while computefcontrolledvisual-
senoing automaticallypointsthe pan-tilt cameraat the tamet.

The rst of our hypothesesvasthatthe courseand ne motionscanbedecoupled.

Forimageprocessinga DSPboardwasused(seeFigurel.4). This boardis ableto
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Power
Electronics

Figurel.5: A schematiof our platform. The operatothandleghe boomwhile the vision
systemmovesthe PTU-camerandattemptgo trackthe moving target.

performcolor tracking. After trainingit for a speci c color, this boardis ableto compute
thetarget's centroidcoordinate@ndsendthemto the PC usingserialcommunication.

Thesecondypothesisvasthatusingafeedforwardcontrolschemevith afeedback
compensatowill improve both the tracking performanceandthe stability of the system.
Thethird hypothesisvasthatanothefeedbackcompensatoimprovesthetrackingperfor
mance.

A schematiof the systemcanbe seenin Figurel1.5. While anoperatorrotatesthe
boomthe Cognachromeolor-tracker processetheincomingimageandsendshe datato

thecomputeywhich performsa visually senoedcamerarotation.

1.4 ThesisSigni cance and Outline

Thevisionsetupis aworking prototypewhich cantrackmoving targetssuchobjects
andpeoplewithout a prior knowledgeof their trajectoriesor boommotion. Thetargetis
selectedn the begginning of the program.Beingableto tracktargetsof diversegeometries
over awide rangeof targetmotionshasmary applications Examplesncludesunillance
(trafc helicopters)computerassistediming andmassmedia.

Sincethe camerais to be controlled,our setupfalls into visual-sereing research.
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Our approachmay alsoencouragenachine-visiorresearcherto revisit solutionsthatare
well known in roboticsfor applicationgn thevisual-sereing domain.

The rest of the thesisprogressess follows. Chapter2 reviews relatedvisual-
senoing andhuman-in-the-loopiterature,highlighting key designpractices.Preliminary
experimentswith thissystemaredescribedn Chapter3. Conclusionarepresentecswell.
The designof the feedforward controlleris presentedn Chapter4. Experimentdescrip-
tionsandconclusionsarepresentedswell. A theoreticamodelfor ourboomis developed
in Chapter5. The experimentalvalidationis describechereaswell. Chapter6 describes
the designof a new controller Adding the new controllerto the feedforward schematic
improvesthe performancef the system.Chapter7 shovs a comparisorbetweeranunex-
periencecandanexperiencedperatomwith andwithoutvision system.Chapter8 presents

somewaysto improve this camerasystem.
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2: RelatedVisual Servoing Reseach

Our goalis anautomatedision-systento track moving targetslik e robotic heads,
tools, personsand objectswhich move over a large space.In this endeaor, the literature
revealsthemulti-disciplinarynatureof visually-serwedrobotics.Section2.1presentshree

categorieswhich areimportant.

2.1 BroadOverview

Adding vision to a robot s intuitively attractve. It is not a surprisethatthe rst
experimentausingthisideabeganin 1970s[24]. But, vision andcomputermardwarewere
prohibitively expensve andslow. Real-timevisually sernoedrobotsbegantheirdelutin the
late 1980s. After off-the-shelfvision hardware becomeaccessiblethis equipmenthelped
researcherto de ne this very exciting area.Whathappenedn the pastthreedecadesre

elementghatconstitutea robot-cameraystem.

2.1.1 CameraSetup

Our particularvision interestrequiredrobotically positioninga camera. This is
somavhat closeto whatis calledan eye-in-handsetup,wherethe camerais mountedon
arobot's end-efector. In sucha setupimagesareacquiredandtransformednto arobotic
motion thatsenosthe cameranto a desiredpose.Eye-in-handcon gurationswerecom-
monly usedto regulatea desiredcamergposerelative to its target. A commonproblemin
this con gurationis robotendpointvibrationsthatinducenoiseandcorrupttheimagedata.
This problemis typically handledwith appropriatelters [2].

By contrasta x edcamerasetupwasalsoused.In this casethe camerds mounted
onatripodto have afull view of theentirerobot's workspaceOnedisadwantages limited
poseandview. An alternatve is the useof a pan-tilt system. Often, calibrationmustbe

doneeachtime thetripod andcameraarerepositioned.
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2.1.2 Image Processing

Imagedatais typically acquiredusinga chage-coupledievice (CCD) cameraand
digitized usinga framegrabber Real-timerates(30 frames/secarecommonwith today's
off-the-shelfhardware. Processinghe datawas, until recently the bottleneckin visual-
senoing. Image featuresare characteristic®f the target (lines, points, etc.) thatcanbe
extractedfrom animage. Typically, they correspondo the projectionof thetarget's phys-
ical features(edges)onto the cameras imageplane. Real-timeconstraintsoften forced
usingtargetwith ducial points. Oftentheimagebackgrounchadto be preparedo allow
noiseles@andunambiguousmagefeatureextraction. For example, gray-scalehresholding
canbedoneusingablackbackgroundandwhite targetor vice versa.Thresholdings used
to constructedgesandcorners.

Imagescanalsobe extractedusinga small sizewindow. Thesewerecalledregion-
basedraclers. Off-line, aregionin the entireimageis de ned. This templateis searched
for andtracked in the imageacquisitionprocess. The bestwindow is found using sum-
squared-dierence(SSD)minimization.

To minimizethesearcleffort, it isimportantto reducetheimagedimensionsUsing
thismethodthecomputatioreffort is reduced GaussiamndLaplacianPyramidtechniques
wereusedto achiese this goal[3]. This techniques usedto searchin thereducedmage

space.

2.1.3 General Control Approaches

In visual serwing, the taskis to control the poseof the robot's endeffector using
visual information (featues extractedfrom the image). This informationis often usedin
a closedloop control scheme.Camera-to-taget distanceis often referredto asdepthor
range [7]. In 1980,SandersomndWeissintroduceda taxonomyof visual seno systems.
Thereare four major categories. If thereis a hierarchicalcontrol architecturethat uses

vision to provide inputsto the joint controllers,thus makinguseof feedbackio stabilize
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therobot,thenit is referredto asdynamiclook-and-mee system.On the contrary direct
visual servoingentirely eliminatesthe robot controllerandreplacest with a visual seno

controller which computeghe joint inputsdirectly andusesvision aloneto stabilizethe

mechanism For several reasonswhich will be describedn the following, mary systems
adoptthe rst approach.

First, vision systemffer low samplingrates.This makesdirectcontrolof arobot
with complex dynamicsa challengingcontrol problem. Second usually systemghat ac-
ceptCartesiarnvelocity commandsreused.Third, thelook-and-mee approaclseparates
thevisualcontrollerfrom singularitiesof the mechanismThis allows the robotto be con-
sideredas a Cartesiandevice. Anothermajor classi cationis positionandimagebased
control. In position-basedontrol, the scenefeaturesare extractedfrom theimage. They
arethenusedin conjunctionwith a cameraandtargetmodelwhichis a prior known. The
informationis usedto determinethe poseof the target relative to the camera.In image-
basedsenoing, control valuesare computedon the basisof the target's imagefeatures
directly. The majordisadwantageof position-baseanethodss thatits successlependon
cameracalibrations. Imagebasedmethodsare lesssensitve to suchcalibrations. They
have becomehe preferredmethodfor visualsenoing.

In 1993, Papanilolopoulosusedsum-squared-dérencegSSD)optic o w to com-
putethevectorof discretedisplacementateachtime instant[26]. Thisapproaclwasused
to designand contrastPl, pole assignmentand LQG controllers,aswell as steady-state
Kalman lters.

In 1996,Corke andGood[6] madea cleardistinctionbetweenvisualkinematicand
visualdynamiccontrol. Kinematiccontrolis concernedvith how the manipulatorshould
move in responsdo perceved visual features. The latteris concernedvith manipulator
dynamicsandimageprocessinglelays. Corke and Good appliedfeedforwad control to
improve the visually senoed control. Basedon the obseration that vision introducesa

onestepdelayandby taking advantageof the possibility of target predictionin theimage
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plane feedforward controlimprovestrackingperformance.

In 2001,0handAllen [25] designeduniquecontrollerthatthey calledpartitioning
thatexploitsary fastbandwidthdegrees-of-freedorn the manipulatorto improve tracking
performanceFrequeng domaindesignis usedto visually or kinematicallyserw fastand
slow degrees-of-freedomespectrely. The netresultis a multi-input-multi-outputcontrol
schemeahatde nesanunderlyingjoint couplingthatcoordinate€ameramotions.Thenet

resultis thatrapidly moving targetscanbetracked.

2.2 Image-BasedVisually-Sewoed Tracking

As mentionedn theprevioussectionmage-basethethodsarepreferredor visually-
senoedrobotsandusedn mary eye-in-handsystemg8], [10] [20]. Camergoseis roboti-
cally serwoedto maintainits eld of view centerednthetargetandata x eddistanceaway
from thetarget. Thisis associateavith whatliteraturecallsthe poseestimationproblem.

Poseregulationworksasfollows: rst, areferencemageof thetargetis de nedasa
templateof thedesiredcamera-to-tayetpose.During tracking,eachimageframefrom the
video streamis comparedo the referencamageandanerroris determined.This erroris
thenmappedrom thecamerasimagespaceo therobot'staskspace Thiswill betheinput
to acontrolschemeThe control prescribeshe necessargameraotationsto maintainthe
pose.Themanipulatodacobiariransformghesecamergposemotioncommandsnto robot
joint commandsTheimage-to-taslspacemappingis ensuredy theimage Jacobian

If targettrajectoryis a prior known, theoptic o w canbe usedfor Jacobiarestima-
tion. Thisapproactwasusedby Allen [1]. A x edcameraetupwvasusedo guidearobotic
armto pick up a moving object. A circular motion of a modeltrain wascharacterizedby
anelliptical optic o w. Thiswasusedto predictthetargetposition.

A deterministicdargetbehaior associatedvith imageunderstandingnayleadto a
very goodvision system. Sucha systemis describedn [28]. Their systemeven worked

whentherewasno visualcontactbecausehe systemcould predictthe ball position.
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2.2.1 Human Operated Systems

The technologicalexplosionof the twentiethcenturyhasproducedan endlessva-
riety of machines.Thereare a lot of tools and systemsoperatedoy humans. Examples
includescars,trains, airplanes,PCs,aswell asindustrialmachines. Therearetools for
peopleto usein manufcturing,transportingpuilding, farming,exploring andcomputing.
As manhasdemandedjreatemperformancdrom machinesthey have demandednore of
him. Higherspeedclosertolerancemorecomplex dynamicsaswell asintegrationandin-
teractionwith othersystemsandmachinegequireof the operatorpredictableyepeatable,
on-timeperformance The designof suchmachinesandsystemgshatmalke full useof hu-
man capabilitieswithout demandingoo muchis an engineeringoroblemwhosesolution
requiresunderstanding@f how peoplebehae in the normally well-de ned tasksrequired
for operationandcontrol.

In the 1950sPaul Fitts conductedexperimentswith varioustaping tasksapplying
principlesof informationtheoryto humanmovement13]. He dervedwhatis calledFitts
law whichis arobustmodelof humanpsychomotobehaior. Fitts law enablegprediction
of humanmotionbasedn rapid,aimedballistic movementtimes.

Canon[4] developedatarget-thresholatontroltheorymodelfor predictinghuman-
machinemovementtime. This theoryallows the previously empiricalparametersf Fitts'
speedandaccurag law to be determinedeforesystemconstruction.Fitts' law maynow
serne arole asa predictve designengineeringool for nenv systems.This modelsuccess-
fully characterizethumancontrol movementtimes,beforesystemconstructionn experi-
mentsinvolving camergpointingfor anew classof point-and-directelerobotics.

Radix, Robinsonand Nursepresenta genericman-machinenterfaceperformance
model basedon a combinationof Fitts law an classicalcontrol theory[27]. This paper
presentsa modelof motion time derved from classicalcontrol systemtheory usingthe
tamget-thresholdnethodderived by Canon[4] to accountfor gain effects.

SheridamandFerrell[30] described ve categoriesof systemsn the caseof human
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operation.A compensatorgystemis onein which the humanoperatorhasa singleinput,
the error, the differencebetweenthe actualresponsey andideal responsethe reference
input). A pursuit systemis onein which the instantaneouseferencanput r andinstan-
taneouscontrolledprocessoutputy are both displayedto the humanoperatorseparately
andindependentlyThe operatormay distinguishindividual propertiesof thesesignalsby
direct obsenation. Here, the humancontroller mustbe consideredas a function of two
inputvariables A preview systems similarto a pursuitsystemexceptthattheoperatohas
availableatruedisplayof r(t) from the presentime until sometime in thefuture. Preview
controlis more characteristiof everydaytasksthan pursuitor compensatorgontrol. A
precaynitive systemis onein which the operatorhasforeknavledgeof theinputin terms
otherthanadirectandtrueview.

In derving amodelfor the operator SheridarandFerrellsuggesthreeparameters.
The rst oneis calledreaction-timedelay Simplereaction-timexperimentgevealamin-
imum reaction-timedelay (or refractory period) t, of about0:15sec This includesneural
synapticdelaysnere conductiorandcentralprocessingime aswell asthetime necessary
to make a measurableesponseThe secondparameters the gain. Any feedbackcontrol
loopwould have again K aslarge aspossibleconsistentvith stability. Thegainis dimen-
sionlessand usually variesbetween2 and 20 at low frequencies.The third parameteis
neun-musculadag. Oncea muscleis commandedo move, the muscles inherentinertia
combinedwith the asynchrog of muscle ber might be expectedto resultin exponential

responseCombiningtheseparametersa transferfunctionmodelof the operatoris

K e st
1+ sty

Yu(s) = (2.1)

Theteleoperationiterature,however, hasa long historyandformulatingananalyt-
ical framework for visualsenoing is promising.Continuougeleoperatiornn earthorbit or
deepin the oceanby operatoron earthsurfaceis impededby transmissiordelays. These

delaysappeardueto thelimits of thelight speedcomputemprocessingt the sendingand
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receving informationaswell assatelliterelay stations.In caseof vehiclesin low earthor-
bit, thetime from sendinga discretesignaluntil thereceiptof ary feedbackareminimally
O:4sec(Sheridan31]). A similar problemappearsn the remotecontrol of vehiclesdeep
in theocean.This delayaffectsthe stability of the system.

Ferrell[11] shaved that the operatorcan adaptto avoid instability. He makesa
discretecontrolmovementthenstops waiting for con rmation thatthe controlloop action
hasbeenfollowed by the remotevehicle. His experimentsalsoshaved thatteleoperation

taskperformancaes a predictablegfunctionof thedelay

2.3 Applicationsto Our Vision System

The systemslescribedn the beginningof this chaptethave advancedhe synthesis
andunderstandingf visual serwing. Still, trackinggeometricallycomple targets(like
people)with non-deterministienotiontrajectoriegemainsanopenproblem.If thecamera

is not mountedon a systemoperatedy humansjts motionis notprecise.
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3: Preliminary Experiments

A coupleof experimentswere performedto validatethe rst of our hypotheses
(sectionl1.3). A simple proportionalcontroller was implemented. Using color tracking
techniquesthe systemwasusedto track objectsandpeople.In thefollowing, a brief de-
scriptionof the colortracker is provided. A brief descriptionof the proportionalcontroller
aswell asconclusiondollows. In anattemptto improve the systemperformanceandsta-
bility a couplingcontrollerwasdesignedExperimentsvith thisalgorithmaredescribedas

well.

3.1 The Cognachrome2000Color Tracker

The Cognachrom@000(seeFigure1.4) color vision systemis a video-processing
computersystem. Its hardware allows multiple objecttrackingat 60 Hz framerate. The
resolutionis 200x 250pixels. It is alsocapableof low-resolution24-bit RGB framegrabs
at64 x 48 pixels. Theinputis a standardNational Television SystemCommittee(NTSC)
signal. This way, real-timeimageprocessings ensured.

The Cognachrom@000systemallows for severalmodesof use:

1) Using pre-programmeadlgorithms,it canbe setup to outputtrackingdataover
serialportsto anothercomputer Therearetwo software packageswvailablefor this mode
- standaloneandPioneer

2) Thevisionboarditself canbe programmedin C to controlvariousactuatorsThis
codecanrun asa completelyseparateodeor canbe calledafter eachframe. The board
hasfreeinput portswhich maybe usedfor interfacingto otherdevices.

3) The systemallows oneto compileandplacetheir own processinglgorithmson
theboardaswell asmake dataavailableto aremotemachineor to otherprocesseseperating
ontheboard.

Therearetwo boards.Thetop oneis thecolor processindgoardwhich digitizesthe

incomingNTSCinto 24 bit RGB. This RGB signalis thensentto througha look-uptable.
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This boardcanbe trainedto recognizeup to threecolor at once. Objectsaretracked or
recognizedusingthe color look-up table. This runsat 60 Hz and allows multiple object
trackingatonce.

The bottom boardcontainsthe processor It is a standardMotorola 68332-based
computemwith 256K of RAM. Thisquantityis expandablé¢o 1MB onboard.Theboardhas
input/outputportsleft over aftertheinterfaceto thevision processingpoard. Thisincludes
digital input/outputiines,a buswith software-de nablechip selectsandtwo asynchronous
andonesynchronouserialports. It is thereforepossibleto directly controla robotor to
interfaceto a network computer

Thereare two serial ports. Port A is consideredo be the primary port, asit is
connectedlirectly to the 68832processos hardware asynchronouserial port, andthus
takes minimal overheadfor datatransmissiorandreception. Port B is connectedo the
general-purpos&imer Processounit. This runs microcodeto implementasynchronous
serial protocol. PortB is only reliable at 9600 baudor slower. The boardcan be pro-
grammedo automaticallysendtheimagecentroiddataevery frame (60 Hz is about16:66
ms) or the computercan periodically“ask” for data. The communicatiorusesan RS232
protocolanddatais sentasa string of charactersThis string of characterss processeah
our programfor corversioninto decimalnumbers.

The boardhasa vision outputaswell. This canbe connectedo a video monitor.

Theoutputsignalis alwaysblackandwhite sono color monitoris needed.

3.2 The Pan-Tilt Unit

The boom-cameraystemusesa commercially-g&ailable, motorizedpan-tilt unit.
This is actuatedhy two DC motorsto rotatethe camerawith respecto a horizontalanda
verticalaxis. The characteristicef thetwo DC motorscanbeseenn Table4.1.
They are equippedwith digital encoderswvhich offer position information. The power

electronicsaredrivenby anindustryStandardArchitecture(ISA) Digital SignalProcessing
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Figure 3.1: The schematidlock diagramfor a simple proportionalcontroller Tracking
with sucha controlleris successful.

(DSP) boardwhich ensuresPC interface. The DSP boardis accompaniedy a set of
librariesavailableto the developer Usingfunctionsfrom theselibraries,a C programcan
rotatethe cameraby prescribingthe positionor the velocity. Time, currentpositionand

velocity informationarealsoavailable.

3.3 A Simple Proportional Controller

As statedbefore the rst hypothesisvasthatusinga simpleproportionalcontroller
andsimpleimageprocessindgechniquewe cantrackmoving targetsevenwhile theboom
moves.We rst implementeda simpleproportionalcontroller

The controller schematiadiagramcan be seenin Figure 3.1. The actualposition
of the targetis comparedwith the desiredone. The resultis sentto the controllerwhich

computeshedesiredcameravelocity. This valueis thensentto thedriver unit.

3.4 Experiments Description

Severalexperimentswvereperformedn thelab. The goalof theseexperimentsvas
to con rm (orin rm) our rst hypothesis.The rst of our experimentsvasto tracka toy-
truck (seeFigure3.2). An arti cial white backgroundvasusedto helpthe systento better
detectthetarget. The camera-tagetdistancevas3 m. Thetoy wasmoving backandforth

while thecameravastracking. Cameramotiondata,boomingdataandtrackingerrorwere
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Figure 3.2: Trackinga toy truck. The truck is moving backandforth in an “arti cial”
ernvironment. The proportionalcontrolleris usedto track this target while an operatoris
booming.Trackingerror, boomingandcameradataarerecorded.

recorded.Theplotscanbeseenn Figure3.3.

It canbeseenthatastheoperatoiis boomingandthetargetis moving thecontroller
performsavisually servoedcounterrotationThe systemis ableto trackthe moving tamget.
Still thereweretwo challengessystemstability andtrackingperformance.

The work demonstratedhat the key designparametemwhenvisually senoing re-
dundantdegrees-of-freedomnsystemss stability, especiallywhenthe tagetandthe boom
move 180 degreesout of phase.lf boommotiondatais notincluded,camergposecannot
be determinedxplicitly becausehereareredundantegrees-of-freedomAs aresult,the
systemcouldtrackaslow moving targetratherwell, but would be unstablevhenthetarget
or boommaovesquickly.

The secondissuewas the systemperformance. The operatorwas boomingvery
slowly (lessthe 1 deg/sec).Thetargetmovedslow aswell (aboutl0cn=seq. Any attempt

to increasehe boomingor targetspeedesultedn trackingfailure.
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Figure3.3: Experimentwith the ProportionalControllerKy = 100 , a) encoder b)pixel-
error c)boom-arnmencoder

Still, anotherexperimentwasperformed.This time peopletrackingwasattempted.
A persorwearingaredcoatwasaskedto move backandforth in thelab. Thecolortracker
wastrainedfor red. Thetaskwasto keepthe red coatin the cameras eld of view while
anoperatorboomed.The camera-tagetdistancevasaboutbm. Sequentialmagescanbe
seenn Figure3.4.

Theboomcameras point of view canbeseenn thetop row. In themiddlerow, the
threeimagesshav the operatoboomingandthetargetmoving. It canbeseenthatboththe
tagetandtheboomaremoving. Thebottomrow shavs aview takenfrom anothercamera.

As theimagesshaw, the systemis ableto performpeopletracking. Still, the same
challengessin the previous experimentapply It is importantto underlinethatthe vision
had no information aboutbooming. So, introducingboominginformation canimprove

trackingperformanceswell asstability.

3.5 The Coupling Controller

As canbe seen,the systemis ableto track usinga very simple proportionalcon-
troller. Many timesit almostlost the target. Stability wasalsoanissue. To sidestepthe
challengegreviously mentioneda bettercontrolleris needed.More thanthat, asstated

before,thevision systemhasno boominginformation. By introducingthis information
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Figure 3.4: Threesequentiaimagesfrom videotapingthe experiment. Top row: camera
eld-of-view shawvstarmgetis tracked. Middle row: boommanuallycontrolled.Bottomrow:
view from anothercamcorder
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Figure3.5: Two US Digital encodersveremountedon the boomto determinghe angleof
rotationin the horizontalandverticalplane.An ISA PCboardis usedto readthem.

boththe performanceandthe stability wereexpectedo increase.

Two encodersveremountedon theboom. A US Digital ISA boardis usedto read
theseencodergFigure 3.5). The boomingvelocity is determinedoy dervation followed
by ltering.

Inspiredby the work of Oh andAllen [25] anddividing the systeminto two parts-
the human-in-the-loo@ndthe pan-tilt unit - senesto overcomeinstability challengesand
lay the foundationfor designinga couplealgorithm. By taking advantageof the factthat
the motion of the human-in-the-loops much slower thanthe motion of the camera-pan-
tilt-head, this algorithmis ableto counterrotatéhe cameraandkeepa stationarytargetin
thecameras eld of view whenthe operatotbooms.Thevision systemcompensatesnly
for targetmotion.

A schematiadepictingthe top view of the boomis shawvn in Figure3.6. Assuming
a stationarytarget, one cancalculatethe cameravelocity neededo compensatéor boom
rotation. For example,in Figure 3.6, oneassumedhat the motionsstartwhenthe boom,

cameraandtargetarealigned.A "worstcase”scenarids presentedhere:theboomrotates



24

| S
B4 el ) - _ initial

d\ TTee—— n

camera
boom > ¢ target

L
- |
\\‘~~\ifmm
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Figure3.7: Thecouplingblock diagram.Basedontheboom's angularvelocity, thecamera
velocity is calculated.

towardsleft while thetargetmovestowardsright. The programcompensatefor theangle
g while the vision systemwill compensatenly for angled. It canbe seenthatthe angle
which is to be compensatedbr by the vision systemis reduced.Here, L is the distance
betweerthe sceneandthe booms pivot, |5, is the lengthof the boomand g is the angle
the pan-tilt headrotateswith respecto the boom. Assumingthatthe operatorwill boom
suchthatEquation(3.1)is satis ed, thenthe valueof the pan-tilt headvelocity which will

compensatér boomingis givenby

Ligacogq) 13a
L2+12, 2Llgacoqq)

a(t) = ( +1q(v) (3.1)

whereq is theangleof theboomwith respectoits initial position.A block diagramof this
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isshavnin Figure3.7.In this gure, the rst blockrepresenttheoperatotransferfunction
asit wasderived by SherridarandFerrell (Section2.2.1equation2.1). The secondblock
containsthe transferfunction of the boom. Assumingarigid, frictionlessboomstructure,
the boomtransferfunctionrelatingthe torqueactingon boomandits angularacceleration

is givento be

_q(9 _1
BAT M(s) I (3.2)

The angularvelocity is obtainedby integration. The input is the boom's angular
velocity andthe outputis the cameraangularvelocity. Figure 3.7 representshe coupling
controller Theoutputrepresentthedesiredcameravelocity. Thisvalueis sentto thePTU

electronicdriver asreferencespeed.

3.5.1 Experimentswith the Coupling Controller

Thecouplingcontrollerwasimplementedn C. A setof experimentsvasperformed
to assesés performanceAs theseexperimentonly attemptto testthe couplingcontroller
algorithm,thistimea x edtargetwasused.In theseexperimentghetargetwas4:5 maway
from theboom’s pivot.

The operatorboomedwhile the controllerattemptedo keepthetargetin cameras

eld of view. Boomingdataaswell astheerrorin boththex andy directionswererecorded.
Someresultscanbe seenin Figure 3.8. It canbe seenthat asthe operatorboomed,the
couplingcontrollerattemptedo counterrotatéhe camera.The plots of theerrorin x and
y directionscanbe seenaswell. The plotsshav successfutracking. Still, this algorithm
depend®n camera-tagetdistance Whenthis valueis not preciselyknown, the errorsare

notacceptable.
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Figure 3.8: CouplingAlgorithm ExperimentResults:PanandTilt errorsandangles.The
errorsarestill too big.
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4: The Feedbrward Controller

Thetermvisual servoinghassomehw replacedhe termvisual feedbak. Almost
all reportedvisualsenoedsystemsarebasednafeedbaclkcontrolschemeln thischaptey
afeedforwardcontrollerwith afeedbackcompensatois described.

The coupling algorithmwe presentedabove had several problems. The mostin-
convenientone was that the camera-to-taget distancehasto be known precisely If ary
errorappearsthis induceserrorsin our algorithm. To sidesteghis, a feedforward control
schemewith a fedbackcompensatowas adopted. In the following, for simplicity, this

controlschemas referredto asfeedforward controller

4.1 Visual Feedbrward Control

To overcomeinstabilitiesand increasethe performancea feedforward controller
wasdesignedThis providestargetmotionestimation6]. Theschematidlock diagramis

shawvn in Figure4.1. Thetransferfunctioncanbewritten as

'X(@ _ V(@)1 Gp(2 Dg(2)
(2 1+V(9 Gp(9 DD

(4.1)

where!X(2) is the positionof the tamgetin the image, X;(2) is the tamgyet actualposition,
andV(2) andGp(2), arerespectrely thetransferfunctionsfor the vision systemandPTU.
Dr(2) andD(2) arerespectiely the transferfunctionsfor the feedforward and feedback
controllers.

Clearly, if Dg(2) = Gpl(z) thetrackingerrorwill bezero,but this requiresknowl-
edgeof the tamget positionwhich is not directly measurableConsequentlythe target po-
sition andvelocity are estimated.For a horizontallytranslatingtarget, its centroidin the

imageplaneis givenby therelative anglebetweerthe cameraandthetamget.
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Figure4.3: A schematioof camera-sceneUsing the informationcoming from encoders
the controllercanestimatehetarget's position.

4.2 TargetPosition Estimation

Without having targetmotioninformation,the schematidlock diagramdepictedn
Figure4.1 cannotbe used. Still, basedon the successie target positions,its positionand

velocity canbeestimatedFigure4.2). Thecamerasensesargetpositionerrordirectly:

'X( = Kiend % (2 X%(2) (4.2)

where'X(2) andX(2) arethetametpositionin theimageplaneandworld framerespec-
tively. X;(2) is thepositionof thepointwhichis in cameras focus(dueto theboomingand

cameraotation)andK,.is thelenszoomvalue. Thetargetpositionpredictioncanbe

obtainedrom theboomandPTU asseenin Figure4.3. Rearranginghis equationyields

@)= 2

+ X% (2) (4.3)

lens
whereX, is predictedtamyetposition.
It is known thatthe vision systemintroducesa unit delay sothe algorithmshould

be delayed.This will leadto a delayin tamget positionestimation.The estimatesnustbe
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basedon someassumptiorof targetmotion. Trackingperformancewill be evaluatedfor a

standardsinusoidakestmotion.

4.2.1 Simple Differ entiation

A wayto determinghetarget's velocity is simply to differentiatets position. How-
ever, this methodrequiresa Iter to eliminatetheintroducednoise. Also, it is possibleto
computetheoptical o w ratherthandifferentiatethe positionwith respecto time. In liter-
atureit is suggestedhatthe humaneye's xation re ex is drivenby retinalslip or optical

ow.

4.2.2 Thea - b tracking lter

Numerousapplicationssuchas air-traf ¢ handling, missile interceptionand anti-
submarinavarfarerequirethe useof discrete-timedatato predictthe kinematicsof a mov-
ing object. The useof passve sonoluoys which have limited power capacityconstrainus
to implementtarget-traclkerswhich arecomputationallyinexpensve. With theseconsider
ationsin mind,ananalysisof ana - b lter is presentean this paragraph.

a - b lters weredevelopedin themid 19505[32] for radartargettracking,position
and velocity estimationfrom noisy measurementsf rangeandbearing. In the simplest
formthey are x edgain Iters basedntheassumptiorithatthetargetaccelerations small
enough(or evenzero).

Thetaretis periodicallyobsenedandits positionis recorded Basedntherecorded
position,an estimatedpositionis madeby the Iter. Thesealgorithmswork in two steps.
The rst stepis prediction in which the positionandthe velocity of thetargetis predicted

for thenew iteration:

Xp(K+ 1) = Xs(k) + Tvs(k) (4.4)

whereT is the sampletime andxp(k+ 1) is the predictionfor positionatiterationk + 1.
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xs(K) andvg(s) arethecorrectedvaluesof iterationk for positionandvelocity respectrely.

The secondstepis to make corrections

Xs(K) = Xp(K) + a(xo(k)  xp(K)) (4.5)
Vs(K) = vs(k) + (D=T)(Xo(k)  Xp(K)) (4.6)

wherexo(K) is the obsened (sampled)positionatiterationk. The above equations

canbearrangednto atransferfunctionform

Ve(K) _
Xo(D)

It is thenclearthatthe polesaremanipulatedy thevaluesof a andb. The lter is

2z 1)
2+ (a+b 2z+1 a

b
= (4.7)

treatedashaving only onefree parametefa) while b is computedor critical damping.

bp=2 a 21 a (4.8)

4.2.3 Thea - b - gtracking lter

Thea - b - g lter is a higherorderextension. This algorithmalsoestimatesac-
celerationandshouldimprove tamgettrackingperformanceThe Iter workssimilarto the

previousone.lts equationsare

Xp(K+ 1) = Xs(K) + Tvs(K) + T2ag(K)=2 (4.9
Vp(k+ 1) = vg(k) + Tag(Kk) (4.10)

whereT is thesampletime andxp(k+ 1) andvp(k+ 1) arerespectiely thepredictionsfor
positionandvelocity at iterationk+ 1. xg(k), vs(k) andag(s) arethe correctedvaluesat
iterationk for position,velocity andacceleratiomespecitrely.

The secondstepis to make corrections
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Xs(K) = xp(k) + a(xo(K)  xp(K)) (4.11)
Vs(K) = vp(K) + (b=T)(Xo(k)  Xp(K)) (4.12)
as(K) = as(k 1)+ (g=2T?)(%(K)  xp(K)) (4.13)

wherexo(K) is the obsered (sampled)positionatiterationk. The appropriateselectionof

gainsa, b andgwill determinghe performancendstability of the Iter [36].

4.2.4 Kalman lter

This lter , proposedy Kalmanin 1960[19], is anoptimalestimatoiof systenmstate
whereinputandthemeasurementoisearezero-mearGaussiarsignalsandthe covariance
is known.

Literatureshavs thata Kalman Iter wasoftentimesused. Still, this algorithmis
relatvelly complex andtime consumingo execute.However, its gainscornvergeto stable

values.

4.3 The Pan-Tilt Unit Transfer Function

As mentionedbeforethe cameras mountedon a 2 degree-of-freedonpan-tilt unit
(PTU) which, is actuatedy two electricmotors. Two DC motorsaredriven by a motion
cardinstalledin a PC. Like mary commercialmotion cards,the PID control gains are
factory set, balancingtransientresponseavith minimal overshoot. Using a standardDC

motortransferfunction,onehas

am(s)
Ea(s)

Gm(s) (4.14)
Kt

KvK¢ + (8dnt Dm)(Ra+ sla)

whereqgm is motor speedE;, is the appliedvoltage,K; is the motortorqueconstantKy is
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Table4.1: The parametersf the PTU motors.

Motor Parameters ValueandUnits
Ra, rotorresistance 1:15W

La, rotorinductance 1:4mH

K, torqueconstant 0:059NmM=A
Ky, backEMF constant 5:8V=krpm
Ja rotormomentof inertia 1:33 10 °

thebackEMF constantR, andL, aretherotor resistancandinductanceespectiely and
Dy, is the armatureviscousdamping. Valuesfor theseparametersregivenin Table4.1.

Jm is the motor shaft's momentof inertia.

N
In=Ja+ I (1)? (4.15)
N,
where,J, isloadmomentofinertia,J; is therotormomentof inertiaands—; isthegearratio.
ThePTU'sgearratioandD, arebothsmallandweresetto zero.As such,Equation(4.15)

with valuesfrom Table4.1 resultsin

gm(s) _ 5500
Ea(s) 0:0018622+ 1:295+ 31:9

Gm(S) = (4.16)

Using a zero-ordethold to model a digital-to-analogconverter the discreteform
of the transferfunction canbe calculated. Figure 4.4 givesthe plant block diagramthat
combinesthe motor and the PID controller D(z). Herev, is the commandreference
velocity, E is the error betweernthe commandandactualmotor velocitiesandKe = 2000
counts/rg is theencoderconstant.The samplingtime T wassetat 1.25msec.D(2) is the
factorytunedPID controllerwith proportional,integral and dervative gainssetat K, =
15000,K, = 40 andKy = 20000respectrely for the PTU panmotor. PID gainsfor the
tilt motorwerefactorysetat K, = 15000,K, = 20andKy = 32000.With Gy(s) givenby
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Figure4.4: The PTU Controller Block Diagram. This representshe controller of each
degree-of-freedonof camera.

Equation4.16,the plantdiscretetransferfunction Gp(2) relatingthe commandandactual

velocitiesis givenas

0:704 0:787z 1+ 0:43% 2 0:05% 3+ 0:03% 4
14093 157536z 1+ 87& 2 11:02z 3+ 70z 4

Gp(2 = (4.17)

4.4 Feedbrward Controller Implementation

To implementthe controller a methodfor target position and velocity hadto be
chosen. To combinethe adwvantagesof simplicity of implementatioraswell astracking
performancehea - b - g lter waschosenThenext sectiondiscusseshe Iter stability.

4.4.1 Stability ofa - b - g lter

As mentionedoreviously, the stability andperformancef this Iter aredetermined
by thevaluesof a, b andg. Priorto implementationa stability studywasdone.

By applyingthe Z-transformto equationst.9and4.10,

2%(2  2%(0) = Xs(2) + TV, + :—2LT2AS(Z) (4.18)

Mp(2) zv(0) = Vs(2) + TAS(2) (4.19)
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By applyingthe Z-transformto equationgt.11,4.12,and4.13,

X2)= XD+ a%e@  Xp(2) (4.20)
Vs2) = V(@ + (6= (%(@)  Xp(2) (4.21)
AD = L F2THX@  X%p(2) (4.22)

Therefore,

2X(2) = 2p(0) + Xp(D+ aDo(®) XplA1+ TR+ 2D2) Xp(Al+ 722D Xp(2)]

(4.23)
Similarly,
1 g z
(2 DVp(@ = 24(0)+ Z%(@ XD+ 5] (4.24)
Assumingvp(0) = 0, Equation4.24becomes
Ve(@ = 106D XDy ] (4.25)
If Vpz is substitutedthe4.23becomes
@ %)= 260+ Xeld Xp(@lla+ T D5 Fa b fid (420

Assumingxp(0) = 0 thistime, we obtainanequatiorwhich depend®nly on Xp(2),

Xo(2) andhasparameters, b andg. ThetransferfunctionrelatingXp(z) andX,(2) is then

G _ Xp(2 _ (@a+b+ N2+ ( 2a b+ Jz+a
Pabg™ Xo(2) ~ B+ (a+b+J 32+ ( 2a b+ I+3)z+a

(4.27)
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Table4.2: TheJury's Stability Tableof thea - b - g Iter.

2 z z z
a 1 2a+ b+ J+3 atb+7 3 1

1 atb+7 3 2a+b+7+3 |a 1
a(a 2)|a(4 2a b+ S|a(a+b 2+7) 3

where“P” standdor position.A similartransferfunctionwhichrelateghepredictedveloc-
ity to theobsenedpositioncanbedervedaswell. Jury's stability testis usedto determine
thestability region. Writing the coefcients of the characteristipolynomialin Jury'stable
andcalculatingthe determinantyields Table4.2.

The conditiona, > 0 is satis ed sincea, = 1. To satisfythe constraintganj < a,

thecoefcients requireja 1j < 1, whichis equialentto

O<ax<?2 (4.28)

Substitutingz= 1 andapplyingthe constraintP(2)j,_, > 0 requiressatishctionof
theinequality
Mwa+b+g 3)+( 2a b+%+$+a 1>0 (4.29)

which canberewritten as

g>0 (4.30)

Satisfyingthe constraintP(2)j. ; < 0for oddnyields

2a+b< 4 (4.31)
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which is the sameconstraintfor a and b asfor thea b tracker The nal condition

jb,j > jbyj requires

ja(a 2)j>ja(a 2)+a(b+ g) g' (4.32)
Observinghattheterma(a 2) is alwaysnegative, we have
9, 9
a(b+ Z) 57 0 (4.33)

This statementeadsto the constrainton g for whichthea b gtrackeris stablewhich
is
4ab

< — 4.34
> a4 (4.34)

Theadoptedvalueswerethen:a = 0:75,b = 0:8 andg= 0:25.

Thea b g Iter wasthenimplemented.To gain con denceregardingimple-
mentation an experimentwas performed.The tamget's actualandpredictedpositionwere
recordedversugtime. The plot canbeseenn Figure4.5.

Excludingthe momentsvherethetargetchangeslirectionwith respecto thecam-

era,theerrorsarenegligible (lessthen10 pixels).

4.4.2 The CondensationAlgorithm

To detectthepre-selectetharget,the condensatiomlgorithmwasemployed. A brief
descriptionof how this algorithmworks is given in this paragraph.This algorithmis a
trackingframenvork combiningtrainedmotionmodelsandfactoredsamplingto accomplish
thetaskof propa@tingthe statedensityof atracked objectovertime [16].

Thetrainedmotionmodelsareusedto getthe bestpossiblepredictionof the move-

mentof the objectbetweerframes.Thisis essentiafor the performancef thetraclker.
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Figure4.5: Theactualandpredictedtarget positiondatawererecordedversustime. It can
be seenthatthe Iter predictsthetargetspositionwithin 25 pixels. This maximumerror
occurwhencamera-tagetrelative velocity changes.

Thetaskof the statebasedracker is to determinghecon guration (spatialmotion,
possibly3D orientationand internal degreesof freedom)of an objectfrom consecutie
framesof video. Oneway to accomplistthisis by testingevery possiblecon gurationand
thenselectinghe onethatbest ts thecurrentframe.

Insteadof comparingevery possiblecon guration of the objectwith eachvideo
frame,the Condensatiomlgorithmmakesa setof informedguesse®f the con guration,
compareheseguessesvith the currentframeandusesthe resultof this comparisorasthe
basisfor a new setof guessesvhenthe next framearrives. Thesenew guessesre made
by selectinghe bestguessefrom thelastframeandapplyinga modelof the movementof
the objectfrom oneframeto the next. The setof guessesvill corverge aroundthe correct
stateof the objectframeby frame.

To be ableto performtrackingusingthis method,two modelsmustbe available:
1) A motion modelencompassingnowledgeof how the stateof the objectevolvesover

time. Thisis the basisfor dynamicpropagtionof the guesse$rom oneframeto the next.
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In additionto a deterministigpartbasedon mechanicapropertief the object,this model
generallycontainsa stochastielemenimodellingthe uncertaintiesn the modelandin the
data.2) A measuremennodeldescribinghow physical propertiesof the objectandback-

groundproducethe featuresusedfor comparingparticleswith imagedata.This model

forms the basisfor a likelihood function that expresseghe con dence, that a particular
guesscorrespondso the actualstateof the objecttracked.

Thesamodelsmustbeconstructedbasedna priori knowledgeof thespeci c track-
ing problem.This knowledgecaneitherbe deducedrom known physical propertiesof the
tracked object, the backgroundand the lighting and camerasetup,or it canbe learned
from video sequencesimilar to whatthe nal systemis expectedto handle. The better
thesemodelsare, the betterthe performanceof the trackingsystemwill be. The descrip-
tion canbedividedin two parts:initialization andtracking.

Initialization is performedwhenthetracker is startedto provide aninitial estimate
of the positionof thetarget. The tracker is initialized by creatinga setof guesse®f the
con guration of the tracked object. Oncethe initialization is accomplished{rackingis

started.

4.5 Experiments With the Feedbrward Controller

4.5.1 PeopleTracking Experiment

With the systemequippedwith thefeedforward controller a coupleof experiments
wereperformed.Again, the rst wasa peopletrackingexperiment. A subjectwasaslked
to move backandfourth in the laboratoryervironment. While the operatorboomed the
cameratracked the subject. This experimentwasvideotapedaswell. Sequentiaimages
canbeseenin Figure4.6. The rst row shavs the boomcameraview. It canbe seenthat
thesystemtracksmuchbetterin this casein comparisorto theproportionalcontroller The

secondrow shavs the operatorboomingwhile the third row shaws the programworking.
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Figure4.6: Threesequentiaimagesfrom videotapingthe experimentusingthe feedfor
wardcontroller Toprow: cameraeld-of-view shavstargetis tracked. Middle row: boom
manuallycontrolled.Bottomrow shaw theworking program.
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Figure4.7: Threesequentiaimagesfrom videotapingthe Cye robottrackingexperiment
usingthe feedforward controller Top row: cameraeld-of-view shows tametis tracked.
Middle row: boommanuallycontrolled.Bottomrow: theworking program.

It canbe seenthattargetis well detected.

4.5.2 Tracking the Cye Robot

Thefeedforward controllerwastestedo trackthe Cyerobotwhichwasmoving on
a speci c, pre-programmegbath. The large pathwassetin the lab environmentsuchthat
thecamera-tagetdistancestronglyvariedalongthe path(from 1mto 5m). Duringtracking,
the operatoiwasboomingat the sametime the robotwasin motion. The maximumrobot
speedvasabout0:5m=sec

Theexperimentwasvideotapedaswell. Severalpicturescanbeseenn Figure4.7.
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Figure4.8: A woodenblock targetwasmountedon the end-efector of a Mitsubishirobot
arm (background). The boom-cameraystem(foreground) attemptsto keepthe tamget's
imagecenteredn thecameras eld-of-view.

4.5.3 A Comparisonbetweenthe Feedbrward and the Proportional Controller

To assesshe performanceof the new controller anotherexperimentwassetup. A
Mitsubishirobotic arm was programmedo sinusoidallymove its end effector back and
forth. Thesetupcanbeseenin Figure4.8. Thetamgetwasattachedo the endeffectorand
wastracked usingboth the proportionalandthe feedforward controller An operatorwas
panningthe boomat the sametime. DataregardingMitsubishimotion,boominganderror
wererecorded.The performances assessedy comparingthetrackingerror.

The experimentwassetup in thelab. The camera-tagetdistancewas3:15m. The
tagetdimensionsvere8:9  8:25cn?. Theroboticarmmovedthetargetsinusoidallywith
afrequeny of about0:08Hz anda magnitudeof 0:5m. The condensatioralgorithmwas
usedfor targetdetection.As this algorithmis noisy, thetargetimageshouldbe keptsmall.

The targetdimensiondn theimageplanewere34 32pixels. While both controllersat-
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Figure4.9: Trackingerrorscomparingfeedforward andproportionalcontrolin human-in-
the-loopvisual-servoing Top row: targetsinusoidalmotionandbooming. It canbe seen
thatthe operatormoved the boomreal slow (aboutl deg=seq. Bottomrow: thetracking
error using a proportionalcontrol (left handside) and a feedforward control (right hand
side).

temptedto track,the boomwasmanuallymovedfrom 15degto + 25deg. Theplotscan
beseenin Figure4.9.

In the top row, the target motion andthe boomingplot (both versustime) canbe
seen.Theoperatomovedtheboomreally slow (approximatelyl deg=seq. This ratewas
usedbecausef the proportionalcontroller Thetrackingerrorsareshowvn in the bottom
row. Theleft handsideimage(bottomrow) shaws the errorwhenusingthe proportional
controllerfor tracking. The right handside image (bottom row) shaws the error when
usingthefeedforward controller Whenusingthefeedforward controller the peak-to-peak
errorwasabout100 pixels, while with the proportionalcontrollerthe errorwasmorethen
300 pixels. By comparingthe errorin the sameconditions,the conclusionwasthat the

feedforward controlleris “much better”thenthe proportionalone.
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5: A Model for the Boom-CameraSystem

5.1 Intr oduction

In the previous chapterit is shavn thatby usinga feedforward controlschemethe
trackingperformanceswell assystemstability increases.

In [33] we underlinedthe systems stability challenge especiallywhenthe target
and the boom move 180 degreesout of phase. If the systemhasno boominginforma-
tion, camergposecannotbe determinedxplicitly becaus¢hereareredundantiegrees-of-
freedom. As a result,the systemcould track a slov moving targetratherwell, but would
be unstablewhenthetargetor boommaovesquickly. The feedforward controllerdescribed
in [34] improved performance.In comparisonwith the proportionalcontroller the sys-
temwasableto track a sinusoidallymoving target with an error threetimeslessthatthe
proportionalcontroller

At this step,a modelfor the boomwas desired. Basedon the fact that, despite
simplicity, the boomis nonlinear our next hypothesiss thata bettercontrol schemecan
offer evenbetterperformanceBut to designandimplementsucha controller a modelof
theboomis neededTo applycontroldesignmethoddo this relatively complex modelcan
be computationallyexpensve.

The rst partof thischapteidescribeslerivationof adynamicaimodelfor theboom-
camerasystem.The secondpartshavs thevalidationof this modelby matchingthe simu-

lation resultsagainstexperimentalbbnes.Someconclusionsarepresentedswell.

5.2 How to modelthe system

Sometimesmultibody mechanicakystemshave a chain structure. In suchcase,
rigid bodiesare connectedogetherby joints. Consideringdimensionakelationshipse-
tweenlinks it is possibleto write the kinematicequationsbetweenthe two ends. Still,

casesvhena mechanicakystemdo not have a chainstructureexists (i.e. whenthey con-
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tain loops). In suchcasest is convenientto treatthemin the samemannerandaddthe
necessargonstraintgwhich will re-establisltheloops).

Theboom-cameraystems composeaf rigid bodiesconnectedogetherby joints.
Becauset containsaboutsevenlinks it is cornvenientto exploit moderncomputeralgebra
toolslike Mathematicaand TSiProPac to build the model. Theboomis treatedasa chain
structurewith constraints.

Therearecertainwaysto modela systemsuchasthe onewe aredealingwith. The
analyticalway usesLagranges mechanicsBy writing the potentialandkinetic enegy of
the systemandapplyingLagranges formula, a systemof equationgs found. The second
way is using mathematicapackagesuchas Mathematicaand ProPac. Thesesoftware
packagesnalke useof Poincaé's equations.Describingthe mathematicatheory behind
theseequationds beyond the goal of this thesis. For additionalreadingswe recommend

Chapterd from ([22].

5.3 Creatingthe Symbolic Model

A nonlinearmathematicaimodel of the boom and the correspondingsimulation
modelweredevelopedusingMathematicaandTsi ProPac ([22] and[21]). The mathemat-
ical modelenableausto evaluatethe propertiesof the boomanddesigneithera linear or
nonlinearcontroller The simulationmodelis in the form of a C-codethat canbe com-
plied asanS-functionin SIMULINK. Togetherthesemodelsof the highly involvedboom
dynamicdacilitatethedesignandtestingof thecontrollerbeforeits actualimplementation.

The boom,shavn in Figure5.1, is comprisedof 7 bodiesand8 joints. The bod-
ies andjoints aredenotedby boxesandcircles,respectrely. The degreesof freedomof
the variousjoints aredetailedin Table5.1, while the physical dataaregivenin Table5.2.
They give the position/Euleranglesof the “joint body'(JB) with respecto the ‘reference
body'(RB). At theorigin, which correspondo astableequilibrium,theboomandthecam-

eraare perfectlyaligned. The characteristiof the boomto always positionthe cameras
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Figure5.1: A numberwas assignedo every link andjoint. Circled numbersrepresent
joints while anumberin arectangleepresentalink.

Table5.1: Typesof motionfor links.

Joint# RB|JB|x |y | Re| R | R
1 1 |x|y
2 1] 2 Yo
3 2 |3 o)
4 2 | 4 o/ %)
5 3|5 o/
6 4 | 5 o/
7 5| 6 Ye
8 6 | 7 Jc




a7

Table5.2: Boomlink, massesndmoment<of inertia.

Object Mass | Momentof Inertia

link [kq] [kg n¥]
Dolly (link1) 25kg Iy = 2:48,
lyy = 0:97,
l,z= 3:465
Link 2 0:6254 | |y = 0:000907
lyy = 0:000907,
l,z= 0:00181
Boom(link 3) | 295 I =0
lyy = 16:904,
l,,= 16:904
Link 4 0:879 =0
lyy = 0:02379,
l,z= 0:02379
Link 5 3:624 I = 0:08204
lyy= 0:00119,
l,,= 0:00701
PTU(link 6) | 12:684 lw = 0:276
lyy = 0:234,
l,z= 0:0690
Camerdlink 7) | 0:185 I =0
lyy = 1:3310 °,
;= 1:3310 °

platform horizontallycomesfrom the factthatbodies3 and4 arepartof a parallelogram.
Therearetwo constraintdor the system. Thesecanbe seenin Equations5.1. Thusthe

systemeffectively hasonly 6 degreesof freedom.

Qoo Qo2 = O

Q1 Qo= O (5.1)

The inputs acting on the systemare the torquesQ1 (abouty) and Q2 (aboutz)

exertedby the operatoy andthe torquesQ3 and Q4 appliedby the panandtilt motorsof



48
thecameraj.e.,u = fQ1; Q2;Q3; Q4g. The operatoroperategshe dumbbellat the end of

body 3 to facilitatethe trackingof the targetby the camera.ln this analysisjt is assumed
thathe doesnot move the cart, althoughit is straightforvardto incorporateghatmotionas
well. Thepanandtilt motorscorrespondo therotationsy . andqc, respectrely.

The modelis obtainedin the form of Poincaé's equationgsee[22] and[21] for

details)

q=V(a)p

M(g)p+ C(a)p+ Q(p;q;u) = 0 (5.2)

Thegeneralizeaoordinatevectorq, is givenby g = [X;V; ¥ 1 Q15 Gbi2s Gops Tonos Y AL
The vectorp is the 7 1 vector of quasi-\elocities. The rst setof equationsare the

kinematicsandthe secondarethe dynamicsof the system.

5.4 Model Validation

In [34] we describedan experimentwerethe camerawastracking a target which
moved sinusoidallywhile booming. The setupcanbe seenin Chapter4, Figure4.8. The
Mitsubishiroboticarmwasinstructedto sinusoidallymove thetargetin the horizontaldi-
rection.During this motion,the cameravastrackingwhile theoperatomwasbooming.The
displacemenimagnitudewvasabout0:5 m andthe frequeny wasabout0:08 Hz. Tracking
error, boomangleandtarget motion informationwere recorded. To validatethis model,
we performeda simulationof this experimentusingthis data. The resultsmatchedthe
experimentaldata.

To runthe simulationwe rst compiledthe Mathematicale. Theoutputis a stan-
dardC le which canbe edited/compiledusingany C compiler We usedMatlab MEX
functionto createa DynamicLink Library (dll) le whichde nesthe Simulink S-function.

The le wascompiledusingthe commandnex. The boommodelwasthenimportedinto
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Simulink. Using two LOOK-UP tables,datafrom the Mitsubishi robot and datafrom

boomingwereimportedinto Simulink. A rst ordermodelwasassumedor the pan-tilt-
unit. The loop was closedin Simulink usingthe proportionalcontroller A torquethat
generates boommotion similar to the experimentalonewasgenerated.The target was
programmedo move accordingto the motion of the Mitsubishiroboticarm (Figure5.3 -
top).

After runningthe simulation,the trackingerrorwascomparedo the one obtained
experimentally(Figure5.3- middleandbottom).

In Figure5.2,theboomingdataareplotted. Theboominganglein radiangs plotted
versustime. In thetop gure, the experimentaboomingis shavn. In thebottomone,the
simulationcanbe seen.During the experiment,therewasno informationaboutthe force
actingon the boom. In Simulink a torquewas appliedto the boom. The corresponding
boominganglecanbe seenin the bottomof Figure5.2. It canbe seenthatthe two curves
shawvn in this gure have thesameshape.

Thesimulationresultsareplottedin Figure5.3. In thetop gure, thetamgetposition
canbeseen.Thetrackingerrorwasplottedin pixelsfor comparisorwith the experimental
case.Thelastplot shavs the experimentaltrackingerrorin pixels. The valueof the error
was about350 pixels versus300 pixels in the experiment. One sourceof error wasthe
friction thatappearedn the realboom,which wasnot modelled. Anothersourcewasthe
torquethatwasappliedto the boomin the simulation. The boomanglein the simulation
doesnotmatchexactlytheexperimentaboomangle.Sincethevaluesof thetrackingerrors

aresimilar, this suggestshatthe modelis reasonablaccurate.
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Figure5.2: Booming- Experiment(top) and simulation(bottom). The two curves are
similar.
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Figure5.3: Targetmotion (top gure), errorin pixelsfor simulation(middle) andexperi-
mental(bottom).
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6: The Output Tracking Regulation Controller

6.1 Intr oduction

Outputtracking regulationis a classicproblem. Basically the goal is to design
a feedbacklaw for the purposeof imposinga prescribedsteadystateresponseat every
externalcommand(in a prescribedfamily). The dif culty lies in imposingthe tradking
error (whichis thedifferencebetweerrefelenceandactualoutput)to beafunctionof time
which decayso zeroastime tendsto in nity . This is to be expectedfor every reference

outputandevery undesiredlisturbanceangingover prespeci edfamiliesof functions.

6.2 Theoretical Background

This sectionbrie y presentsometheoreticalaspect®f the outputtrackingregula-
tion problem.This problemis discussedn detailin [23] [17].

Considera systemmodelledby the equationf theform

x= f(x;w;u)

e= h(x;w) (6.1)

In 6.1,the rst equationdescribeshe dynamicsof the plant. The statex is de ned
in aneighborhoodf the origin of R" andthe controlinputu 2 R™. This systemis subject
to inputvariablesw 2 R'. Thesecondequationin 6.1de nestheerrore2 R™ expresseds
afunction of the statex andinputw. The objective is to designa controllaw thatensures
thattheerrore decaydo zeroasthetime tendsto in nity .

Two casesarepresentedn [17]. The rst oneis whenthe setof measuredariables
includesall the component®f the statex andof theinputw. In this caseit is saidthatthe
controlleris provided with full information The secondcasepresentghe situationwhen

only thecomponent®f theerrore areavailablefor measurementn this caset is saidthat
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the controlleris provided with error feedbak. In caseof full informationthe solutionis
ensuredy thetheorenmbelow.

Theorem Thefull informationoutputtradking regulationproblemis solvableif and
onlyif thepair (A, B) is stabilizableandthere existsmappingx= p(w) andu= c(w) with
p(0) = 0 andc(0) = 0, bothde nedin a neighborhoodV® W of the origin, satisfying

theconditions

dp_, . _ |
P sw) = F(p(w);wic(w)
0= h(p(w);w) (6.2)

for all w2 W°.
In [17] it is consideredhatthe input w(t) is generatedy a “generator’according

to

6.3 Designof the Output Tracking Regulation Controller

If thesystemis linear, theconditions6.2 reduceto a linearmatrix equation(6.4).

X= Ax+ Pw+ Bu
W= &

e= Cx+ Qw (6.4)

Theregulatorproblemis solvableif andonly if thelinear matrix equations.5 are

solvedby P andG[17].

PS= AP + P+ BG



54

Figure6.1: The OutputTrackingRegulationControllerasit wasimplemented.

0=CP+Q (6.5)

A regulatingcontrolcanthenbe constructechs

u= Gv+ K(x Pw) (6.6)

whereK is chosersothatthe matrix (A+ BK) hasdesireceigervalues.Theseeigervalues
determinehe quality of theresponseThe controllerstructureis shavn in Figure6.1.

A simpli ed modelwasusedto designthis controller This modelhasthetransfer

function

q(s) _ 0:01175
Va(s) 1:32+ 32s

(6.7)

wherethe outputis the cameraanglemeasuredn degrees. In this case,the state

spacedescriptionof the systemis givenby matricesA, B andC

2461 O
1 0

0:0088
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Figure6.2: Thereferenceaswell asthe outputof the pan-tilt unit usingthenew controller

C= 01
FromEquation6.5
10
P =
01

G= 1136 27966

Thematrix K was

K= 10000 380

6.4 Output Tracking Regulation Controller: Simulation Results

Prior to implementationthe new controllerwassimulatedusingMatlab-Simulink.
The simpli ed cameramodel (Equation6.7) usedto designthis controllerwas usedfor
simulation. A sinusoidalreferencesignalcorrespondindo a frequeng of 1 rad=secwas
appliedto the controller Both thereferenceandthe outputof the systemwereplottedon
thesameaxesframe.Theplot canbeseenn Figure6.2.

Theoutputof theboom-cameraystemwassimulatedn Matlabusingthemodelde-

velopedin Chapter5 andthe datarecordedn Mitsubishirobotexperiment.The simulated
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Figure6.3: Thereferenceaswell asthe outputof the pan-tilt unit usingthe new controller

trackingerrorcanbeseenn Figure6.3.
Theerroris closeto 50 pixels but greater This controllerwasimplemented.The
controllerwasaddedasa feedbackcompensatoto the feedforward controlscheme.The

structurecanbeseenin Figure6.4.

6.5 Experimentsusingfeedirward with OTR controller

6.5.1 Mitsubishi Robot Experiment

A coupleof experimentsveredesignedo assesshe performancef this controller
First, the systemtracked the target moved by the Mitsubishi robot. Again, the robotic
arm was instructedto sinusoidallymove the target. The frequeng was approximately
0:08 Hz and the magnitudewas 0:5 m. The camerawas followed the target while an
operatorboomed.Boomingdataandtrackingerrorwererecorded.The plots canbe seen
in Figure6.5. In this gure, thetop plot representshe target motion. The secondplot
shaws the operatorbooming. The third plot is the horizontalerror whenusingthe OTR

controller
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Figure6.4: The Feedforvard Controllerwith the FeedbackCompensatiomsit wasimple-
mented.The outputof trackingregulationcontroller(OTR) is addedo thescheme.

6.5.2 Ball tracking Experiment

The outputtracking regulation controller was addedto the Visual C programfor
both axes. This controllerwastestedto track a ball moving betweentwo players. The
experimentwassetin thelab. Thetaskwasto tracktheball while booming.

The experimentwas videotapedusing three cameras. Sequentiapicturescan be
seenn Figure6.6. Thetop row shavsthecamerarackingtheball. Thesecondow showvs
theboomcamergooint of view. Thethird row shavs the programworking.

It canbe seernthatthetametis preciselydetectecandtracked.
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Figure6.5: The Mitsubishi experimentusingthe OTR controller The rst gure shovs
thetargetmoving. The secondgure shavs the boommotion. Thethird gure shavsthe
trackingerrorin caseof the outputtrackingcontroller The fourth gure shaws the error
usingthefeeedforvardcontroller It canbeseenthatby usingthe OTR controller theerror
is lessthen 50 pixels.



Figure6.6: Ball trackingExperiment.
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7. Comparison Operator + Vision SystemversusOperator Only

7.1 Intr oduction

The experimentsdescribedpreviously shav that the systemsuccessfullytracksa
selectedarget. In the peopletracking experiment,the camerawasableto track at much
higherboomingspeedshanbefore(aroundsdeg=seq.

Theball trackingexperimentshavsthatthetargetis well detecteavenwhile boom-
ing. Still, moreis needed.The following experimentdry to answerthe questions;is this
systempreferredover an inexperiencedperator?Or, is it preferredover an experienced
operator?To answelthesequestionsiwo setsof experimentsvereperformed.Thetarget
wasmoved by the Mitsubishirobot. An experiencedandaninexperiencecperatorwere
asledto trackthis targetwith andwithoutthevision system.In the caseof manualmanip-
ulation of the cameraa joystick wasused. The programwasmodi ed to move the PTU

accordingto thejoystick. In the rst set,theboommotionwasnotrestricted.

7.2 Unrestricted Boom Path

Again, the Mitsubishi robotic arm was used. The target was attachedo its end-
effector Therobotwasmoving thetargetin a vertical planedescribinga trajectorycorre-
spondingto a gure eight. An experiencedperatoraswell asaninexperiencecdperator
wereinvited to handlethe boomand manuallycoordinatethe camerato keepa moving
targetin thecameras eld of view. Thetamgetwasaboutdm away from the camera.The
maximumspeedof the robot's endeffector wasaboutO:2m=sec Dataregardingtracking
wasrecorded.

The experimentwassetup in thelab. A top-view schematiof the experimentcan

beseenn Figure7.1.
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boom
%
target

ra |

camera —robot
L base
rofbot

Figure7.1: The setupusingthe Mitsubishiroboticarm (top view). Thetargetis movedin
averticalplane.Theis motionof theboomis notrestricted.

7.2.1 InexperiencedOperator Without Vision

First, an inexperiencedoperatorhandledthe boom and manuallymanipulatedhe
camera.The experimentwasvideotapedisingthreecamerasSeveral picturestakenfrom
theexperimentareshavn in Figure7.2.

The rst obseration to be madeis that the target is often lost. Trackingsucha
motion by aninexperiencedperatoris dif cult. As thetop row of Figure7.2 shavs, the
boomis almostnot moving. By concentratingpn trackingthetarget, the operatordoesnot

move theboommuch.

7.2.2 InexperiencedOperator With Vision

Figure 7.3 shawvs the imagesof aninexperiencedperatortrackingan objectwith
the aid of the vision. It canbe seenthat the targetis never lost. More so, the operator

concentratesn boomingwhile thevision systemtakescareof tracking.
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Figure 7.2: Inexperiencedoperatorwithout the vision system. The boom path was not
restricted.Thetargetwassometimesost. Also, it canbeseerthattheoperatoiconcentrates
on moving thecameraatherthanon booming.

Figure 7.3: Inexperiencedoperatorwith the vision system. The boom pathwas not re-
stricted. The vision systemnever losesthe target. Also, it canbe seenthat the operator
movestheboom.



63

Figure7.4: Experiencedperatorwithout the vision system. The boompathwasnot re-
stricted. The tagetwassometimedost. Also, it canbe seenthatthe operatorrathercon-
centrate®n moving the camerahanon booming.

7.2.3 ExperiencedOperator Without Vision

An experiencedperatoboomedhis time. The picturescanbe seenn Figure7.4.
It canbe seenthat, despitehis experiencethereare momentswhenthe tamgetis lost. As
expectedthe experienceperatoris ableto track the target betterthentheinexperienced
one.Sameasbefore theexperiencedperatorconcentratesn camerarackingratherthan

booming.

7.2.4 Conclusionin the Caseof Unrestricted Boom Path

From the picture sequencet canbe seenthat, despitehis experience the experi-
encedoperatorlost the target just as the inexperiencedoperatordid. Still, this did not
happenas often asthe inexperiencedoperatoy which lost the target mary times. When
visionwasemployed,thetamgetwaspreciselydetectedandtracked.

Theexperimentshavedthatin thecaseof adif cult trackingjob withouttheuseof
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Figure7.5: The operatowill move the cameraalongthe path. He hasto avoid hitting the
objectsaswell.

vision, the operatorsconcentratenore on handlingthe camerahanon booming.Because
of this matter the experimentwith the experienceperatohoomingwith vision wasnot
performed.

To force the operatorto move the boom,in the next setof experimentsa booming
pathwasset. Justasbefore,an experiencedaswell asaninexperiencedperatorhandled

theboomwith andwithout vision.

7.3 Restricted Boom Path

For the next experimentthe boompathis restricted meaningthatthe operatothad
to follow a speci c path. This path canbe seenin Figure 7.5. Several positionswere
markedalongthis path.

The experimentwasvideotaped Sequentialmagescanbe seenin Figures7.6,7.8,
7.11and7.13. Theimagesaretakenwhenthe cameras in oneof the positionsmarkedin

Figure7.5.



65

Again, the Mitsubishirobotwasused. Its end-efector wasinstructedto move the
targetonatrajectorycorrespondingo a gure “8” for about60 second. Theoperatomwas
asledto boomalongthepathin thesameamountof time. An experiencedperatoraswell
asabgyinnerwereaslkedto boomon a prede nedpath. Eachoperatolboomedwo times,

rst usingthevisionsystemandthen,usingajoystick. The objectve wasto keepthetarget

in thecameras eld of view while boththetargetandboommove.

7.3.1 InexperiencedOperator Without Vision

Asin thepreviousexperiment,rst aninexperienceaperatohandledheboomand
coordinatedhe camera.The experimentwasvideotapedisingthreecamerasA sequence
of imagescanbe seenin Figure7.6. Thetop row showvs the boomin positions*2”, “3”,
“4” and“5” (seeFigure7.5). As before,the middle row shavs the boomcamerapoint of
view. Thebottomrow shavstheprogramtracking.It canbeseernthatsometimeshetarget
is lost. Whenthis happensthe programfocuseson someotherobjectsin theimage. For
thisreasontheerrorplotin this caseis irrelevant.

It canbe seenthatthe operatoris now forcedto boomon a speci ¢ path. Again, it
canbe seenthatthe target was sometimedost. Whenthis happensthe programfocuses
onsomethingelse,andthereforethe errorplot hasno relevancein this case.Thebooming
plots are shavn in Figure 7.7. It canbe seenthat, despitethe fact that the operatoris
following the path,the handlingof the boomis not smoothin without vision. The states
“17, “27, “3”, “4” and“5” aremarkedon bothplots. They correspondo the statesmarked

in Figure7.5.

7.3.2 InexperiencedOperator With Vision

The inexperiencedoperatorthen usedthe vision systemto track the sametarget.
Theoperatothadto move theboomon the samepathwhile the vision systemwastracked.

TheexperimentwasvideotapedisingthreecamerasA sequencef imagescanbeseenn
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Figure7.6: Inexperienceperatomwithout vision system.Thetop row shaovs theboomin
positions*2”, “3”, “4” and"“5” (seeFigure7.5). Themiddlerow, shavstheboomcamera
point of view. The bottomrow shows the programtracking. The operatoris ableto boom
alongthe path,but sometimeghetargetis lost. In this case the programfocuseson other
objectsin theimage.
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Figure7.7: Boomtilt (top gure) andpan(bottom gure) anglein the caseof aninexperi-
encedoperatomwithoutvision. It canbe seenthatboomingis not smooth.

Figure7.8. Thetoprow shavstheboomin positions2”, “3”, “4” and“5” (seeFigure7.5).
As before,the middle row shavs the boomcamergpoint of view. The bottomrow shavs
the programtracking. It canbe seenthatthetargetis never lost. For this reasorthe error
plotin this cases relevant.

Also, the errorin the horizontaldirectionwasaround 50 pixels (seeFigure7.9).
More so,the outputregulationcontroller(whichis implementedor the panmotion) main-
tainsthetargetvery closeto theimagecenter Dueto the parallelogrammechanismtrack-
ing regulationis mucheasieralongthe vertical direction. Despitethis fact, it canbe seen
thatalongthe horizontaldirectionthetargetis muchcloserto theimagecenterin compar
isonwith averticalline.

An interestingfactwasthatin the caseof controllingboththeboomaswell andthe
cameratheoperatomeedednorethan60 secondsThereasoris thatwhile controllingthe

camerahemovedtheboomslower.
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Figure7.8: Inexperiencedperatorwith vision system. The targetis never lost. The top
row shavs the boomin positions*2”, “3”, “4” and“5” (seeFigure7.5). The middle row
shawvs the boomcamergpoint of view. The bottomrow shows the programtracking. Wit
thehelpfrom vision,theoperatoiis ableto boomalongthe pathandthetargetis neverlost.

Figure7.9: TheHorizontalTrackingError of Inexperiencedperatormusingvision.
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Figure7.10: Boomtilt (top gure) andpan(bottom gure) anglein the caseof inexperi-
encedoperatomwith vision. It canbe seenthatboomingis smootheithanwhennot using
vision (Figure7.7)).
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Figure7.11: Experienceaperatomwithoutvision. It canbe seenthatsometimeshetarget
is lost.

7.3.3 ExperiencedOperator Without Vision

As in the previous experiment,an experiencecperatorhandledthe boomandco-
ordinatedthe camera. The experimentwas videotapedusingthreecameras.A sequence
of imagescanbe seenin Figure7.11. Thetop row shavs the boomin positions*2”, “3”,
“4” and“5” (seeFigure7.5). As before,the middle row shavs the boomcamerapoint of
view. Thebottomrow shavstheprogramtracking.It canbeseenthatsometimeshetarget
is lost. Whenthis happensthe programfocuseson otherobjectsin the image. For this
reasontheerrorplot in this caseis irrelevant. theboomingplotsareshavn in Figure7.12.

It canbe seernthatthe experiencedperatotboomedsmoothly

7.3.4 ExperiencedOperator With Vision

Theexperiencedperatorthenusedthe vision systemto trackthe sametarget. The
operatorhadto move the boom on the samepathwhile the vision systemwas tracking.

The experimentwasvideotapedusingthreecameras.A sequencef imagescanbe seen
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Figure7.12:Boomtilt (top gure) andpan(bottom gure) anglein caseof experienceap-
eratorwithoutvision. It canbe seernthatboomingis smoothethenin caseof inexperienced
operatomwithoutvision.
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Figure7.13: Experiencedperatomwith vision system.

Figure7.14: Experienceaperatomsingvision. TheHorizontal TrackingError.

in Figures7.13. The top row showvs the boomin positions“2”, “3”, “4” and“5” (see
Figure7.5). As before themiddlerow shavs theboomcamergpoint of view. The bottom
row shavs the programtracking. It canbe seenthatthetargetis neverlost. For thisreason
theerrorplotin this cases relevant.

Also, theerrorin the horizontaldirectionwasaround 50 pixels (seeFigure7.14).
More sothe outputregulationcontroller(whichis implementedor the panmotion) main-
tainsthetargetvery closeto theimagecenter Dueto the parallelogrammechanismtrack-

ing regulationis mucheasieralongthe vertical direction. Despitethis fact, it canbe seen
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Figure7.15: Boomtilt (top gure) andpan(bottom gure) anglein caseof experienced
operatomwith vision.

thatalongthehorizontaldirectionthetargetis muchcloserto theimagecenterin compar

isonwith verticalline.

7.4 Experimentswith OTR controller implementedon both axis

To betterapproximatehevision systemperformancetheoutputtrackingregulation
controllerwasimplementecon Y directionaswell. The experimentwas performedonce
agpin with both operators.In both casesvision systemwasused. Again, the Mitsubishi
robotis used.lts end-efectorwasinstructedo move thetargeton atrajectorycorrespond-
ing to gure “8” for about60 second. The operatorwasasked to boomalongthe path
in the sameamountof time. An experienceperatoranda beginnerwereaskedto boom
on a prede nedpath. Eachoperatorboomedtwo times, rst usingthe vision systemand
then,the camerawasrotatedby the operatorusinga joystick. The objectve wasto keep

thetargetin cameras eld of view while both,targetandboommoves.
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Figure7.16: Inexperiencedperatomwith vision system.It canbe seenthattargetis much
closerto theimagecenterin comparisorto ary otherexperiment.

7.4.1 InexperiencedOperator

An inexperiencedperatorhandedheboom rst. This experimentwasvideotaped
aswell. Sequentialmagescanbeseenn Figure7.16.Fromtheimagesjt canbeseenthat
thetamgetis very closeto theimagecenter In this casetheerroris computedasa squared

sumof thehorizontalandverticalerrors.Theerrorplotis shavn in Figure7.18 bottom).

7.4.2 ExperiencedOperator

An experiencedoperatorhandledthe boom secondtime. This experimentwas
videotapedaswell. Sequentialmagescanbeseenn Figure7.17.

The absoluteerroris shavn in Figure7.18(top). Onecanseethatin this casethe
erroris in thesamerangewith theerrorobtainedvheninexperiencedperatohandlecthe
boom.

Theboomanglescanbeseenn Figure7.19.
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Figure7.17: Experiencedperatomwith vision system.It canbe seenthattargetis much
closerto theimagecenterin comparisorto ary otherexperiment.

Figure 7.18: Trackingerror in caseof experiencedoperator(top) aswell asin caseof
inexperiencedoperator(bottom). The boomingpathwasrestricted. It can be seenthat
thereis no differencebetweererrorplots.
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Figure 7.19: Boominganglesin caseof experiencedoperator(top) aswell asin caseof
inexperiencedoperator(bottom). The boomingpathwasrestricted. It canbe seenthat
thereis not muchof adifferencebetweerplots.

7.5 Conclusions

This chapterdescribessomeexperimentsdoneby both, experiencedand inexpe-
riencedoperatorsusingvision or manuallymanipulatethe PTU-camera.The target was
movedby a Mitsubishiroboticarm. Its end-efectortrajectorywascorrespondingo gure
“8”. Dataregardingboomingaswell astrackingerror wasrecordedin all experiments.
In caseof not vision, the target waslost a coupleof times. In caseof loosingthe tamget,
becausehe programfocuseson somethingelse thetrackingerroris notrelevant.

Also, theuseof vision systemde nitely helpstheinexperiencedperator(thetarget
was preciselydetectedandtracked). More thenthat, usingthe vision system,an inexpe-
riencedoperatorcanachiee similar performanceasa skilled operator The experiments

also,shavsthattherearesituationswhenvisionis helpful for a skilled operatoraswell.
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8: Conclusionsand Futur e Work

8.1 Conclusions

In chapter7 a setof experimentsvasperformedtio answerthe questionwetherthe
vision systemis a help for the operator For this purpose,an inexperiencedas well as
an experiencedperatorwere asked to move the arm. Vision provedto be a big help for
especiallyin caseof smallboomingexperience.

In thesituationdescribedn chapter7 theinexperiencedperatoybarelycouldtrack
the target. With vision the situationwas completelydifferent. The target was precisely
detectedandtracked.

Despitethe factthatdueto its experiencehe secondperatowasableto trackthe
target. Still thereweresituationswhenthe targetwaslost. This wasnot happenedn case
of usingvision. So, at least,thereare situationswhencomputervision canhelp evenan

experiencedperator

8.2 FutureWork

Therestill is alot of work until this setuppecomesnoff-the-shelfproduct.Perhaps
the next stepis to addzoomingto this program.Zoomingis helpful in situationsvhenthe
systemis almostto loosethetarget. In this case the programcanautomaticallycommand
zoomingout. After zoomingout, the targetgetscloserto theimagecenter Also its speed
is reduced. Wheneer is possible,the programcanzoombackin. Today camerashave
whatis calledLANC Protocolwhich allows remotezoomingcontrol. This communication
protocolwasdevelopedby Sory. Usinganappropriatehardwarethe computercanzoom
in or out.

The secondimprovementcan considermulti-target acquisitionbeforetrackingis
launched.During tracking,targetswitchingis possible. Automaticaswell ashumancon-

troller switchingcanbe considered.In suchcase,at one momentthe programcan stop
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Figure8.1: A boomfully actuatedThemotionis preciselyprescribedcandrepeatable.

trackingonetarget andstarttrackinganotherone. This might be usefulin caseof having
moreactorsin thescene.

The third improvementcan considerseveral pre-implementedgcenariosituations.
Automatedactuationof boomcanbe done. Using two electricmotors,the boomcanbe
preciselypannedandtilted. More thanthat,thesemotionscanbe prescribedandthey are
alsorepeatable.In the sametime, the boom's angularposition and velocity is precisely
known. Evenmore,the dolly canbe electricallyactuated.Sucha boom, canbe seenin
Figure8.1. It waspreprogrammetb |l aglassof juice. A sequencefimagesanbeseen
here.

Thefourth directionof improvementcanconsiderthe boomitself. As theboomis
gimballedits top describe spheren the space.So, only circular movescanbe consid-
ered. Therearecertainsituationswhena linear cameramove is required. To achieve this
situation,the boomcanbe madeextensible.By panningup in the sametime asextending,
the cameracan be madeto move linear with respectto the target. This type of motions
cannotbe achievedwith theactualstructure.

Anotherimprovementthatcanbe doneis to usea laptopinsteadof a desktop.The
only reasorfor thisis thatlaptopshave a battery If PTU motorscanbe poweredusinga

batteryaswell, thenthe wholeensemblevill not needpower network outlets.



79

Bibliography

[1] Allen, PK., Timchenlo, A., Yoshimi, B., Michelman,P, “Real-time Visual Seno-
ing”, IEEE Int Confon Roboticsand Automation Vol. 4 pp.8511991.

[2] BensalahF., ChaumetteF., “Compensatiorof Abrupt Motion Changesn Target
Trackingby Visual Serwing”, Proc. IROS'95, p.181,Pittshurgh, 8/95.

[3] Burt, PJ.,Adelson,E.H.,“The LaplacianPyramidasa CompactimageCode” IEEE
Transaction®on Communcations/ol. COM-31No. 4, April 1983.

[4] Canon,D.J.,“ExperimentsWith a Target-ThresholdControl Theory Model for De-
riving Fitts Law Parameterdor Human-MachineSystems”,IEEE Transactionson
Systemdylan and CyberneticsVol. 24 No. 8, pp. 1089-1098August1994.

[5] Chaumettd-, RivesP,, EspiauB. “Positioningof arobotwith Respecto anObject,
Track it and Estimatingits Velocity by Visual Senoing” Proceedingsof the 1991
IEEE International Confeence Roboticsand Automation SacramentoCA, April
1991.

[6] Corke PIl., Good M.C.“Dynamic Effects in Visual Closed-LoopSystems”IEEE
Transaction®©n Roboticsand AutomationVol. 12 No. 5 October1996.

[7] Corke, PI., “Visual Control of Robotshigh-performanceisual serwing” Research
StudiesPresd.TD, Taunton,SomersetEngland1997.

[8] ChaumetteF., SantosA., “Trackinga Moving Objectby Visual Serwing” Proc. of
12thWorld CongiessliFAC, Vol. 9 pp.409-414 Sydney, July 1993.

[9] Dzialo K.A., Schalloff R.J.“Control Implicationsin TrackingMoving ObjectsUs-
ing Time-Varying Perspectie-Projectve Imagery”, [IEEE Transactionson Industrial
ElectronicsVol. IE-33,No. 3, August1986.

[10] Feddema).T,, Lee,G.C.S. "WeightedSelectiorof ImageFeaturesor ResoledRate
Visual FeedbaclControl” IEEE TransRoboticsand AutomationvV7 N1 2/91

[11] FerrellW.R., “Remotemanipulatve control with transmissiordelay”, IEEE Trans.
HumanFactorsin ElectonicsHFE-6,No. 1, 1965.

[12] Ferrier N. “Achieving a Fitts Law Relationshipfor Visual Guided Reaching”,Int.
ConfeenceComputenision (ICCV) Bombay India, pp.903-910,Januaryl998.

[13] Fitts P. M., “The Informationcapacityof the humanmotor systemin controllingthe
amplitudeof movement”,J. of ExperimentaPsytology Vol. 47 No. 6, pp. 381-391,
1954.

[14] Hill J., Park W.T., “Real time control of a robot by visual feedbackin assembling
tasks”PatternRecagnition Vol. 5 pp.99-108,1973.



80

[15] HutchinsonS., HagerG.D., Corke PI., “A Tutorial on Visual Seno Control”, IEEE
Transactionsn Roboticsand AutomationVol. 12 No. 5, pp.651-6700ctober1996.

[16] Isard,M., Blake, A., “CONDENSATION — ConditionalDensity Propagtionfor Vi-
sualTracking”, Int. J. ComputeMsion, V29, N1, pp.5-28,1998.

[17] Isidori, A., “NonlinearControl Systems3rd ed” Springer Verlag 1995

[18] Kalata, PR., Murphy, K.M., "a b Tamget Trackingwith Track Rate Variations”,
Proceeding®f the Twenty-NinthSoutheasterSymposiunon SystenTheory pp. 70-
74,March1997.

[19] KalmanR., “A newv approachio linear ltering and predictionproblems.Journal of
BasicEngineeringpp. 35-45,March 1960.

[20] Koivo, A.J.,“Real-timeVision Feedbackor Srwing RoboticManipulatorwith Self-
TuningControl”, IEEE TransSystMan CybernV21 N1 january1991.

[21] Kwatny H.G., BlankenshipG.L.“Symbolic control of modelsfor multibody dynam-
ics”, IEEE Transactionon Roboticsand Automation Vol. 11 No. 2 pp. April 1995.

[22] Kwatry H.G., BlankenshipG.L., “Nonlinear Control and Analytical Mechanics:a
computationabpproach”Boston:Birkhauser 2000.

[23] Kwatny H.G., Kalnitsky K.C., “On Alternatve Methodologiedor the Designof Ro-
bustLinearMultivariableRegulators”|EEE Transaction®n AutomaticControl,Vol.
AC-23No. 5, Octoberl978.

[24] Hill, J.,Park, W.T. “Real Time ControlOf A RobotWith A Mobile CameraProc 9th
ISIR, WashingtorD.C. Mar 1979,pp. 233-246.

[25] Oh, PY. Allen PK. "Visual Servoingby Partitioning Degreesof Freedom’; IEEE
Transaction®n RoboticsAutomationVol. 17 No. I, February2001.

[26] PapanilolopoulosN.P. KhoslaPK. KanadeT., “Visual Tradking of a Moving Target
by a Camern Mountedon a Robot: A Combinationof Vision and Control”, IEEE
Transaction®n RoboticsandAutomationVol. 9 No. 1 Februaryl993.

[27] Radix, C.L., Robinson,P.,, NurseP,, “Extensionof Fitts' Law to Modeling motion
Performancen Man-Machinelnterfaces”|EEE Transaction®n SystemsMan and
Cybernetics PartA: SystemsandHumansyol. 29, No. 2 March1999

[28] Rizzi, A.A., KoditschekD.E.,“A DynamicSensoffor robotJuggling”Visual Servo-
ing, K. Hashimoto Ed. Singapore:World Scienti ¢, pp.1 1993.

[29] Sandersoi.C., WeissL.E., “Image-basedisualseno controlusingrelationalgraph
errorsignals”Proc IEEE, pp.1074-10771980.

[30] SheridanT.B., FerrellW.R., “Man-MachineSystemsinformation,Control,andDe-
cisionModelsof HumanPerformance’MIT PressCambridgeMassachusett4994.



81

[31] SheridanT.B., “SpaceTeleoperationThroughTime Delay: Review and Prognosis”
IEEE Transactionon Roboticsand Automation Vol. 9, No. 5 pp.592-606,1993.

[32] Sklansky J.,“Optimizing the dynamicparametenf a track-while-scarsystem”’RCA
Laboratories,Princeton NJ Junel957.

[33] Stanciur.,OhP.Y., “DesigningVisually SenoedTrackingto AugmentCameralele-
operators”lEEE Intelligent Robotsand Systen(IROS) LausanneSwitzerland,Vol.
1, pp.342-347,2002.

[34] StanciuR., OhPRY., “Feedforward Controlfor Human-in-the-loogCameraSystems”
IEEE InternationalConfeenceon Roboticsand Automation(ICRA), V1. pp-1-6New
OrleansLA, April 2004.

[35] Stanciu,R., Oh, PY., “Human-in-the-loopVisually SenoedTracking” International
Confeenceon ComputerCommunicatiorand Control Technolagies(CCCT) Vol. 5,
pp.318-323Orlando,FL, July 2003.

[36] Tenne,D., Singh, T., “Optimal Designof a b (g) Filters”, Proceedingsof the
AmericanControl Confeence Vol. 6 pp.4348-4352,June2000.



82
Vita

ION RARES STANCIU

EDUCATION

Doctor of Philosophy, Mechanical Engineering, Drexel University Decembe2004
Master of Science Electrical Engineering, TechnicalUniversityof Timisoara Junel995
Bachelorof Technology Electrical Engineering, TechnicalUniversityof TimisoaraJune
1994

Bachelorof Technology Electronicsand TelecomunicationEngineering, TechnicalUni-
versityof Timisoara, Junel997

RESEARCH INTERESTS
ImageProcessingYisual Senoing, Robotics,Control.

RESEARCH EXPERIENCE
Reseach Assistant SeptembeR001- Decembef004
Departmenbf MechanicaEngineeringandMechanicsPrexel University.

TEACHING EXPERIENCE

TeachingAssistant SeptembeR001- Decembe2004

Departmenbf MechanicaEngineeringandMechanicsPrexel University
Teachingassistanfor severalcoursespamely Introductionto Controls,Mechanicsof Vi-
brations,Theoryof Machines Dynamics Mechanicsof Materials

MAJOR PUBLICATIONS

StanciuR., Oh P, “DesigningVisually SernoedTrackingto AugmentCameraleleopera-
tors] in International Confeenceon Intelligent Robotsand SystemsLausanne Switzer
land, October2002.

StanciuR., Oh P, “Feedforward Controlfor Human-in-the-LoogCameraSystems, in In-
ternationalConfeenceon Roboticsand Automation April 2004,New OrleansLouisiana.






