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Abstract
DesigningVisuallyServoedTrackingto AugmentCameraTeleoperators

Ion RaresStanciu
PaulY. Oh

Robotshavenow farmoreimpactin humanslife thentenyearsago.Vacuumclean-

ing robotsare alreadywell known. Making today's robotsto work unassistedrequires

appropriatevisualservoing architecture.In thepast,a lot of efforts weredirectedtowards

designingcontrollersthat reliesexclusively on imagedata. Still mostrobotsareservoed

kinematicallyusingjoint data.

Visual servoing architecturehasapplicationsnot only in robotics. Video cameras

areoften mountedon platformsthat canmove like rovers,booms,gantriesandaircrafts.

Peoplecan operatesuchplatformsto capturedesiredviews of a sceneor a target. To

avoid collisions,with theenvironmentandocclusions,suchplatformsdemandsmuchskill.

Visual-servoing somedegrees-of-freedommay reducethe operatorburdenand improve

tracking.Wecall thisconcepthuman-in-the-loopvisualservoing.

Human-in-the-loopsystemsinvolve an operatorwho manipulatesa device for de-

siredtasksbasedon feedbackfrom thedevice andenvironment.For example,deviceslike

roversgantriesandaircraftspossessa videocamera.The taskis to controlmaneuver the

vehicleandpositionthecamerato obtaindesired�elds of view. To overcomejoint limits,

avoid collisionsandensureocclusion-freeviews,thesedevicesaretypically equippedwith

redundantdegrees-of-freedom.Trackingmoving subjectswith suchsystemsis achalleng-

ing taskandrequiresa well skilled operator. In this approach,we usecomputervision

techniquesto visually servo thecamera.Theneteffect is that theoperatorjust focuseson

safelymanipulatingthe boomanddolly while computer-control automaticallyservos the

camera.
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1: Intr oduction

1.1 Preambleand Objective

A shorttime beforethewriting of this thesis,NASA's Spirit rover landedon Mars.

This wasanothergreatachievementin robotics.Unlike Sojourner, which wascompletely

teleoperatedfrom Earth,Spirit hadits own visionsystem.Thestepfrom Sojournerto Spirit

wastowardsmakingrobotswork autonomously.

Almostall of today's robotsoperatein factorieswheretheenvironmentis contrived

to suit the robot. Robotshave lessimpact in applicationswherethe objectplacementor

environmentis notaccuratelycontrolled.This limitation is a resultof their lackof sensors.

It is well known thatsensorintegrationis extremelyimportantfor increasingtheversatility

andapplicationdomainof robots. This is basicallythe domainwhich providesa lot of

researchopportunities.Onespeci�c type of sensorthat is subjectto a lot of research,is

vision.

Vision is a robotic sensorthat mimics the humansenseof vision. It allows for

noncontactmeasurementof theenvironment. The �rst applicationof computervision on

robotswas by Hill and Park in the 1970s[14]. Over the last threedecades,vision has

beenusedto demonstraterobotsplayingping-pong,avoiding obstaclesandautomatically

landingaircraft. Applicationswhich includevision sensorsin carshave alsobeenstudied.

Despiteaconsiderableknowledgebaseandaccepteddesignmethods,vision-basedcontrol

in unstructuredanddynamicenvironmentsremainsanopenproblem.Visualservoing, the

problemof servoing the robot basedon real-timeimagedata,is not new. Over the past

�fteen yearsmany systemshave beendeveloped,visually servoing robotsto juggle [28],

play ping-pong,pick up a moving toy train, play table-topsoccer, harvestfruit anddrive

cars. Still, dynamiccon�gurationsandcamerasystemsfeaturinga humanin the control

loophavenotbeenconsideredin depth.This thesisexploressuchcases.

In the1970scontroldesignersfocusedtheir efforts towardovercominglargeimage
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processinglatenciesassociatedwith slow framerates.Digital signalprocessingbasedvi-

sionboardsbecameavaliablein theearly1990s.Still, imagedatawasnotvery robust.So,

effort wasfocusedon developingimageprocessingalgorithmsusingstochasticprediction

andestimationtechniquesand”getting thingsto work”. With muchof the latency issues

having beenovercome,visionresearchfocusis onmakingroboticcamerasystemsactmore

intelligently.

For the mostpart, visually-servoedrobotsrely exclusively on imagedatato servo

its joints. By contrast,most factory robotsarekinematicallyservoed; solely relying on

their encoderdata. Peopledisplay interestingbehaviors whenperformingvision-related

tasks,suggestingthathumansemploy bothimageandkinematicdata.In trackingmoving

objectshumanstendto useseveral joints (eye,neckandtorso)andtheir motionssuggests

a kinematicjoint coupling. For example,both the eyesandthe necktypically panin the

samedirection.Also, eye movementstendto startbeforeneckmotions.This way, people

trackprettywell despitelargevariationsin targetmotions.

Using of-the-shelfhardware, systemsthat track moving objectswerestudied. A

robot wasoften usedto move the camerawhich wasattachedto its endeffector. Here,

the manipulatorupdatesthe camerapositionsandorientationsto maintaina desired�eld

of view of the target. Given a target with known dimensions,suchasa planarblock, an

imageJacobian,which mapsdifferentialchangesbetweenpixel andtaskspaces,canbe

computed.Thenetresultis thatthetarget's6 degrees-of-freedommotioncanbecomputed

andtrackedby a 6 degrees-of-freedomeye-in-handmanipulator. A problemthat arisesis

what to do whenthe manipulatorpossessmore than 6 degrees-of-freedomor if someof

themanipulator'sdegrees-of-freedomarehuman-controlled. Theformerprobleminvolves

degrees-of-freedomredundancy. Here, thereare additionaljoints that could be invoked

to con�gure a camerapose.Suchdegrees-of-freedomcanbeexploited to overcomejoint

limitations.

Thelatterprobleminvolveshuman-in-the-loopsystems.For example,camerasare
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oftenmountedonplatformslikebooms,rovers,aircrafts,andsubmersiblesfor applications

suchasbroadcasting,exploration,andsurveillance.A skilledoperatormaneuverstheplat-

form to capturethedesired�elds-of-views. As such,thehumanbecomesa componentin

theclosedloopcontrolof thecamera.Theobjectiveof this thesisis to designahumanop-

eratedrobotvisionsystemthathelpstheoperatorto trackmoving objects.Here,computer

vision is involvedto controlthecamera's two degrees-of-freedom.

1.2 Moti vation and Research Platform

Human-in-the-loopsystemsinvolve an operatorwho manipulatesa device for de-

siredtasksbasedon feedbackfrom thedevice andenvironment.For example,deviceslike

rovers, gantries,and aircraft possessa video camerawherethe task is to maneuver the

vehicleandpositionthecamerato obtaindesired�elds-of-view. Suchtaskshave applica-

tionsin areaslike broadcasting,inspectionandexploration.Suchdevice-mountedcamera

systemsoftenpossessmany degreesof freedom(DOF) becauseit is importantto capture

asmany �elds-of-view aspossible.To overcomejoint limits, avoid collisionsandensure

occlusion-freeviews, thesedevicesaretypically equippedwith redundantDOF. Tracking

moving subjectswith suchsystemsis a challengingtaskbecauseit requiresa well skilled

operatorwho mustmanuallycoordinatemultiple joints. Trackingperformancebecomes

limited to how quickly theoperatorcanmanipulateredundantDOF.

As examples,two suchsystemsarepresentedin Figures1.1 and1.2. In the �rst

picture,a traf�c helicopteris shown. A gyrostabilizedcamerais attachedto it. Suchplat-

formsareusedfor traf�c surveillance.Thissystementailstwo peoplein normaloperation.

Thepilot safelyguidesthehelicopterto avoid hitting buildingsor bridgeswhile a copilot

manuallymanipulatesthecamerato keepagroundtargetin focus.

The secondsystem(shown in Figure 1.2) is a typical cameraboom usedin the

broadcastingindustry. The camerais shown in the the lower right cornerof the image.

This systementailstwo operatorsaswell. The �rst rotatestheboomandconcentrateson
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Figure1.1: A traf�c helicopteris oftenequippedwith a camera.Thepilot concentrateson
safely�ying thehelicopterwhile anoperatorhandlesthecamera.

Figure1.2: An operatorcanboomthearmhorizontallyandvertically to positionthecam-
era.Thepan-tilt head(lower right inset)providesadditionaldegrees-of-freedom.
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avoidingcollisionsinto peopleandobjects.Thesecondpansandtilts thecamera.

Thesystemsshown in Figures1.1and1.2arepilotedby humans.The�rst operator

ensuresasafecoarsemotionwhile thesecondcoordinates�ne cameramotionsto maintain

the target in focus. Theseareexamplesof human-in-the-loopsystemswhich involve an

operatorwho manipulatesa device for desiredtasksbasedon feedbackfrom the device

andenvironment.Trackingperformancebecomeslimited to how quickly theoperatorcan

manipulateredundantDOF.

Machinevision is a multi-disciplinedproblem. This thesiswill not examinesub-

problemslike real-timeimageprocessing,imageunderstandingor motionplanning.They

canpresentinterestingchallenges,but wehavenotfoundthemto beparticularlyconfound-

ing with today'soff-the-shelfvisionhardwareandsoftware.

This thesiswill presenta way to dealwith a human-in-the-loopsystem.Somepre-

liminary experimentsweredone�rst. Usinga very simplecontrollerthecamerawasable

to track slow moving objects. A feedforward controllerwith a feedbackcompensatoris

adoptedto sidestepthechallenges.Adding anothercontrollerto thesystemimprovesthe

performanceevenmore.

1.3 SystemDescription

Our particularinterestin computervision involvesimproving a cameraoperator's

ability to track fastmoving targets. Visual-servoingis usedto control someDOF so that

theoperatorhasfewer joints to manipulate.

Oursystemisshown in Figure1.3andisatypicalplatformfoundin thebroadcasting

industry. The platform is composedof a 4-wheeleddolly, boom,motorizedpan-tilt unit

(PTU)andcamera.Thedolly canbepushedandsteered.The1:2 m longboomis linkedto

thedolly via acylindrical pivot whichallowstheboomto sweepmotionshorizontally(pan)

andvertically(tilt). Mountedononeendontheboomis a2-DOFmotorizedPTUandvideo

cameraweighing9:5 kg. Themotorsallow anoperatorto bothpanandtilt thecamera360
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Figure1.3: An operatorcanboomthearmhorizontallyandvertically to positionthecam-
era.Thepan-tilt head(lower left inset)providesadditionaldegrees-of-freedom.

Figure1.4: The Newton BoardColor-Tracker. The boardcomputesthe target centroid.
Thisvalueis sentto thePCvia theserialport.
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degreesatapproximately90deg/sec.ThePTUandcameraarecounterbalancedby 29:5 kg

dumbbellplatesmountedon theboom's oppositeend.

Our particularinterestis to applyvisual-servoingto augmentan operator's ability

to trackmoving targets.Computervision is usedto controlsomeDOFsothattheoperator

hasfewerDOFto manipulate.

Broadcastuseof this boom-camerasystemnormally entailsone or more skilled

personnel:(1) With a joystick, theoperatorservosthePTUto point thecamera.A PC-104

smallboardcomputerandISA busmotioncontrolcardallow for accurateandrelatively fast

camerarotations.(2) Theoperatorphysically pusheson thecounterweightedendto boom

thecamerahorizontallyandvertically. Thisallowsoneto deliveradiverserangeof camera

views (e.g. shotslooking down at the subject),overcomePTU joint limits, andcapture

occlusion-freeviews. (3) Theoperatorcanpushandsteerthedolly in casetheboomand

PTUarenotenoughto keepthetarget's imagein thecamera's �eld-of-view. Theneteffect

is ahuman-in-the-loopcamerasystemthatpossessesredundantdegrees-of-freedom.

Trackingamovingobjectwith abroadcastboomisaparticularlychallengingtask.It

requiresoneor morehighly skilledoperatorswhocoordinatetheplatform'smany degrees-

of-freedomto keepthesubject's imagein thecamera's �eld of view. Trackingperformance

is thuslimited to how quickly theoperatormanipulatesandcoordinatesmultiple degrees-

of-freedom.Thegap in theknowledge baseis theabsenceof an analytical framework to

designvisuallyservoedeye-in-handsystemswhenredundantdegrees-of-freedomor human

operatorsare involved.

This thesisappliescomputervision to track a moving target with this broadcast

boom-arm.Theneteffect is whatwe call human-in-the-loopvisualservoing– theopera-

tor focuseson safelymanipulatingtheboomanddolly while computer-controlledvisual-

servoingautomaticallypointsthepan-tilt cameraat thetarget.

The�rst of ourhypotheseswasthatthecourseand�ne motionscanbedecoupled.

For imageprocessing,aDSPboardwasused(seeFigure1.4).Thisboardis ableto
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Power 
ElectronicsDSP

RS-232

PTU-Camera

PC

BoomOperator

Figure1.5: A schematicof our platform. Theoperatorhandlestheboomwhile thevision
systemmovesthePTU-cameraandattemptsto trackthemoving target.

performcolor tracking. After trainingit for a speci�c color, this boardis ableto compute

thetarget's centroidcoordinatesandsendthemto thePCusingserialcommunication.

Thesecondhypothesiswasthatusingafeedforwardcontrolschemewith afeedback

compensatorwill improve both the trackingperformanceandthe stability of the system.

Thethird hypothesiswasthatanotherfeedbackcompensatorimprovesthetrackingperfor-

mance.

A schematicof thesystemcanbeseenin Figure1.5. While anoperatorrotatesthe

boomtheCognachromecolor-tracker processestheincomingimageandsendsthedatato

thecomputer, whichperformsavisuallyservoedcamerarotation.

1.4 ThesisSigni�cance and Outline

Thevisionsetupis aworkingprototypewhichcantrackmoving targetssuchobjects

andpeoplewithout a prior knowledgeof their trajectoriesor boommotion. The target is

selectedin thebeginningof theprogram.Beingableto tracktargetsof diversegeometries

over a wide rangeof targetmotionshasmany applications.Examplesincludesurveillance

(traf�c helicopters),computer-assisted�lming andmassmedia.

Sincethe camerais to be controlled,our setupfalls into visual-servoing research.
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Our approachmayalsoencouragemachine-visionresearchersto revisit solutionsthatare

well known in roboticsfor applicationsin thevisual-servoingdomain.

The rest of the thesisprogressesas follows. Chapter2 reviews relatedvisual-

servoing andhuman-in-the-loopliterature,highlightingkey designpractices.Preliminary

experimentswith thissystemaredescribedin Chapter3. Conclusionsarepresentedaswell.

The designof the feedforward controller is presentedin Chapter4. Experimentdescrip-

tionsandconclusionsarepresentedaswell. A theoreticalmodelfor ourboomis developed

in Chapter5. Theexperimentalvalidationis describedhereaswell. Chapter6 describes

the designof a new controller. Adding the new controller to the feedforward schematic

improvestheperformanceof thesystem.Chapter7 showsacomparisonbetweenanunex-

periencedandanexperiencedoperatorwith andwithoutvisionsystem.Chapter8 presents

somewaysto improve thiscamerasystem.



10

2: RelatedVisual Servoing Research

Our goal is anautomatedvision-systemto trackmoving targetslike roboticheads,

tools,personsandobjectswhich move over a largespace.In this endeavor, the literature

revealsthemulti-disciplinarynatureof visually-servoedrobotics.Section2.1presentsthree

categorieswhichareimportant.

2.1 BroadOverview

Adding vision to a robot is intuitively attractive. It is not a surprisethat the �rst

experimentsusingthis ideabeganin 1970s[24]. But, vision andcomputerhardwarewere

prohibitively expensiveandslow. Real-timevisuallyservoedrobotsbegantheirdebut in the

late1980s.After off-the-shelfvision hardwarebecomeaccessible,this equipmenthelped

researchersto de�ne this very exciting area.Whathappenedin thepastthreedecadesare

elementsthatconstitutea robot-camerasystem.

2.1.1 CameraSetup

Our particularvision interestrequiredrobotically positioninga camera. This is

somewhat closeto what is calledan eye-in-handsetup,wherethe camerais mountedon

a robot's end-effector. In sucha setupimagesareacquiredandtransformedinto a robotic

motionthatservosthecamerainto a desiredpose.Eye-in-handcon�gurationswerecom-

monly usedto regulatea desiredcameraposerelative to its target. A commonproblemin

thiscon�gurationis robotendpointvibrationsthatinducenoiseandcorrupttheimagedata.

Thisproblemis typically handledwith appropriate�lters [2].

By contrast,a �x edcamerasetupwasalsoused.In thiscase,thecamerais mounted

ona tripod to havea full view of theentirerobot'sworkspace.Onedisadvantageis limited

poseandview. An alternative is the useof a pan-tilt system.Often, calibrationmustbe

doneeachtime thetripodandcameraarerepositioned.
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2.1.2 ImageProcessing

Imagedatais typically acquiredusinga charge-coupleddevice (CCD) cameraand

digitizedusinga framegrabber. Real-timerates(30 frames/sec)arecommonwith today's

off-the-shelfhardware. Processingthe datawas,until recently, the bottleneckin visual-

servoing. Image featuresarecharacteristicsof the target (lines, points,etc.) that canbe

extractedfrom animage.Typically, they correspondto theprojectionof thetarget's phys-

ical features(edges)onto the camera's imageplane. Real-timeconstraintsoften forced

usingtargetwith �ducial points.Oftentheimagebackgroundhadto bepreparedto allow

noiselessandunambiguousimagefeatureextraction.For example,gray-scalethresholding

canbedoneusingablackbackgroundandwhite targetor viceversa.Thresholdingis used

to constructedgesandcorners.

Imagescanalsobeextractedusinga smallsizewindow. Thesewerecalledregion-

basedtrackers.Off-line, a region in theentireimageis de�ned. This templateis searched

for andtracked in the imageacquisitionprocess.The bestwindow is found usingsum-

squared-difference(SSD)minimization.

To minimizethesearcheffort, it is importantto reducetheimagedimensions.Using

thismethod,thecomputationeffort is reduced.GaussianandLaplacianPyramidtechniques

wereusedto achieve this goal [3]. This techniqueis usedto searchin thereducedimage

space.

2.1.3 GeneralControl Approaches

In visual servoing, the taskis to control the poseof the robot's endeffector using

visual information(featuresextractedfrom the image). This informationis oftenusedin

a closedloop control scheme.Camera-to-target distanceis often referredto asdepthor

range [7]. In 1980,SandersonandWeissintroduceda taxonomyof visualservo systems.

Thereare four major categories. If thereis a hierarchicalcontrol architecturethat uses

vision to provide inputsto the joint controllers,thusmakinguseof feedbackto stabilize
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therobot, thenit is referredto asdynamiclook-and-movesystem.On thecontrary, direct

visualservoingentirelyeliminatesthe robotcontrollerandreplacesit with a visualservo

controller, which computesthe joint inputsdirectly andusesvision aloneto stabilizethe

mechanism.For several reasons,which will bedescribedin the following, many systems

adoptthe�rst approach.

First, vision systemsoffer low samplingrates.This makesdirectcontrolof a robot

with complex dynamicsa challengingcontrol problem. Second,usuallysystemsthat ac-

ceptCartesianvelocity commandsareused.Third, thelook-and-move approachseparates

thevisualcontrollerfrom singularitiesof themechanism.This allows therobotto becon-

sideredasa Cartesiandevice. Anothermajor classi�cation is positionand imagebased

control. In position-basedcontrol, thescenefeaturesareextractedfrom the image.They

arethenusedin conjunctionwith a cameraandtargetmodelwhich is a prior known. The

informationis usedto determinethe poseof the target relative to the camera.In image-

basedservoing, control valuesare computedon the basisof the target's imagefeatures

directly. Themajordisadvantageof position-basedmethodsis that its successdependson

cameracalibrations. Imagebasedmethodsare lesssensitive to suchcalibrations. They

havebecomethepreferredmethodfor visualservoing.

In 1993,Papanikolopoulosusedsum-squared-differences(SSD)optic �o w to com-

putethevectorof discretedisplacementsateachtime instant[26]. Thisapproachwasused

to designandcontrastPI, pole assignment,andLQG controllers,aswell assteady-state

Kalman�lters.

In 1996,CorkeandGood[6] madeacleardistinctionbetweenvisualkinematicand

visualdynamiccontrol. Kinematiccontrol is concernedwith how themanipulatorshould

move in responseto perceived visual features.The latter is concernedwith manipulator

dynamicsandimageprocessingdelays. Corke andGoodappliedfeedforward control to

improve the visually servoedcontrol. Basedon the observation that vision introducesa

onestepdelayandby takingadvantageof thepossibilityof targetpredictionin theimage
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plane,feedforwardcontrolimprovestrackingperformance.

In 2001,OhandAllen [25] designedauniquecontrollerthatthey calledpartitioning

thatexploitsany fastbandwidthdegrees-of-freedomin themanipulatorto improvetracking

performance.Frequency domaindesignis usedto visually or kinematicallyservo fastand

slow degrees-of-freedomrespectively. Thenetresultis a multi-input-multi-outputcontrol

schemethatde�nesanunderlyingjoint couplingthatcoordinatescameramotions.Thenet

resultis thatrapidlymoving targetscanbetracked.

2.2 Image-BasedVisually-ServoedTracking

Asmentionedin theprevioussectionimage-basedmethodsarepreferredfor visually-

servoedrobotsandusedin many eye-in-handsystems[8], [10] [20]. Cameraposeis roboti-

cally servoedto maintainits �eld of view centeredonthetargetandata�x eddistanceaway

from thetarget.This is associatedwith whatliteraturecallstheposeestimationproblem.

Poseregulationworksasfollows: �rst, areferenceimageof thetargetis de�nedasa

templateof thedesiredcamera-to-targetpose.During tracking,eachimageframefrom the

videostreamis comparedto thereferenceimageandanerror is determined.This error is

thenmappedfrom thecamera's imagespaceto therobot'staskspace.Thiswill betheinput

to a controlscheme.Thecontrolprescribesthenecessarycamerarotationsto maintainthe

pose.ThemanipulatorJacobiantransformsthesecameraposemotioncommandsinto robot

joint commands.Theimage-to-taskspacemappingis ensuredby theimageJacobian.

If targettrajectoryis a prior known, theoptic �o w canbeusedfor Jacobianestima-

tion. ThisapproachwasusedbyAllen [1]. A �x edcamerasetupwasusedtoguidearobotic

armto pick up a moving object. A circularmotionof a modeltrain wascharacterizedby

anelliptical optic �o w. Thiswasusedto predictthetargetposition.

A deterministictargetbehavior associatedwith imageunderstandingmayleadto a

very goodvision system.Sucha systemis describedin [28]. Their systemeven worked

whentherewasnovisualcontact,becausethesystemcouldpredicttheball position.
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2.2.1 Human OperatedSystems

The technologicalexplosionof the twentiethcenturyhasproducedan endlessva-

riety of machines.Therearea lot of tools andsystemsoperatedby humans.Examples

includescars,trains,airplanes,PCs,aswell as industrialmachines.Thereare tools for

peopleto usein manufacturing,transporting,building, farming,exploring andcomputing.

As manhasdemandedgreaterperformancefrom machines,they have demandedmoreof

him. Higherspeed,closertolerance,morecomplex dynamicsaswell asintegrationandin-

teractionwith othersystemsandmachinesrequireof theoperatorpredictable,repeatable,

on-timeperformance.Thedesignof suchmachinesandsystemsthatmake full useof hu-

mancapabilitieswithout demandingtoo muchis an engineeringproblemwhosesolution

requiresunderstandingof how peoplebehave in thenormallywell-de�ned tasksrequired

for operationandcontrol.

In the 1950sPaul Fitts conductedexperimentswith varioustapingtasksapplying

principlesof informationtheoryto humanmovement[13]. He derivedwhatis calledFitts

law which is a robustmodelof humanpsychomotorbehavior. Fitts law enablesprediction

of humanmotionbasedon rapid,aimedballisticmovementtimes.

Canon[4] developeda target-thresholdcontroltheorymodelfor predictinghuman-

machinemovementtime. This theoryallows thepreviously empiricalparametersof Fitts'

speedandaccuracy law to bedeterminedbeforesystemconstruction.Fitts' law maynow

serve a role asa predictive designengineeringtool for new systems.This modelsuccess-

fully characterizedhumancontrolmovementtimes,beforesystemconstructionin experi-

mentsinvolving camerapointingfor anew classof point-and-directtelerobotics.

Radix,RobinsonandNursepresenta genericman-machineinterfaceperformance

modelbasedon a combinationof Fitts law an classicalcontrol theory [27]. This paper

presentsa modelof motion time derived from classicalcontrol systemtheory, usingthe

target-thresholdmethodderivedby Canon[4] to accountfor gaineffects.

SheridanandFerrell [30] described� ve categoriesof systemsin thecaseof human
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operation.A compensatorysystemis onein which thehumanoperatorhasa singleinput,

the error, the differencebetweenthe actualresponsey andideal response(the reference

input). A pursuit systemis onein which the instantaneousreferenceinput r andinstan-

taneouscontrolledprocessoutputy areboth displayedto the humanoperatorseparately

andindependently. Theoperatormaydistinguishindividual propertiesof thesesignalsby

direct observation. Here, the humancontrollermustbe consideredasa function of two

inputvariables.A preview systemis similar to apursuitsystemexceptthattheoperatorhas

availablea truedisplayof r(t) from thepresenttimeuntil sometime in thefuture.Preview

control is morecharacteristicof everydaytasksthanpursuitor compensatorycontrol. A

precognitivesystemis onein which theoperatorhasforeknowledgeof the input in terms

otherthanadirectandtrueview.

In deriving amodelfor theoperator, SheridanandFerrellsuggestthreeparameters.

The�rst oneis calledreaction-timedelay. Simplereaction-timeexperimentsrevealamin-

imum reaction-timedelay(or refractoryperiod) tr of about0:15sec. This includesneural

synapticdelays,nerveconductionandcentralprocessingtimeaswell asthetimenecessary

to make a measurableresponse.Thesecondparameteris thegain. Any feedbackcontrol

loop would have a gain K aslargeaspossibleconsistentwith stability. Thegain is dimen-

sionlessandusuallyvariesbetween2 and20 at low frequencies.The third parameteris

neuro-muscularlag. Oncea muscleis commandedto move, themuscle's inherentinertia

combinedwith theasynchrony of muscle�ber might beexpectedto resultin exponential

response.Combiningtheseparameters,a transferfunctionmodelof theoperatoris

YH(s) =
K � e� s�tr

1+ s� tn
(2.1)

Theteleoperationliterature,however, hasa long historyandformulatingananalyt-

ical framework for visualservoing is promising.Continuousteleoperationin earthorbit or

deepin theoceanby operatorson earthsurfaceis impededby transmissiondelays.These

delaysappeardueto the limits of the light speed,computerprocessingat thesendingand
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receiving informationaswell assatelliterelaystations.In caseof vehiclesin low earthor-

bit, thetime from sendinga discretesignaluntil thereceiptof any feedbackareminimally

0:4sec(Sheridan[31]). A similar problemappearsin theremotecontrolof vehiclesdeep

in theocean.Thisdelayaffectsthestabilityof thesystem.

Ferrell [11] showed that the operatorcanadaptto avoid instability. He makes a

discretecontrolmovementthenstops,waiting for con�rmation thatthecontrolloopaction

hasbeenfollowedby theremotevehicle. His experimentsalsoshowedthat teleoperation

taskperformanceis apredictablefunctionof thedelay.

2.3 Applications to Our Vision System

Thesystemsdescribedin thebeginningof this chapterhave advancedthesynthesis

andunderstandingof visual servoing. Still, trackinggeometricallycomplex targets(like

people)with non-deterministicmotiontrajectoriesremainsanopenproblem.If thecamera

is notmountedonasystemoperatedby humans,its motionis notprecise.
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3: Preliminary Experiments

A coupleof experimentswere performedto validate the �rst of our hypotheses

(section1.3). A simpleproportionalcontrollerwas implemented.Using color tracking

techniques,thesystemwasusedto trackobjectsandpeople.In the following, a brief de-

scriptionof thecolor tracker is provided.A brief descriptionof theproportionalcontroller

aswell asconclusionsfollows. In anattemptto improve thesystemperformanceandsta-

bility acouplingcontrollerwasdesigned.Experimentswith thisalgorithmaredescribedas

well.

3.1 The Cognachrome2000Color Tracker

TheCognachrome2000(seeFigure1.4) color vision systemis a video-processing

computersystem.Its hardwareallows multiple objecttrackingat 60 Hz framerate. The

resolutionis 200x 250pixels. It is alsocapableof low-resolution24-bitRGBframegrabs

at 64 x 48 pixels. Theinput is a standardNationalTelevision SystemCommittee(NTSC)

signal.Thisway, real-timeimageprocessingis ensured.

TheCognachrome2000systemallows for severalmodesof use:

1) Usingpre-programmedalgorithms,it canbesetup to outputtrackingdataover

serialportsto anothercomputer. Therearetwo softwarepackagesavailablefor this mode

- standaloneandPioneer.

2) Thevisionboarditself canbeprogrammedin C to controlvariousactuators.This

codecanrun asa completelyseparatecodeor canbecalledaftereachframe. Theboard

hasfreeinputportswhichmaybeusedfor interfacingto otherdevices.

3) Thesystemallows oneto compileandplacetheir own processingalgorithmson

theboardaswell asmakedataavailableto aremotemachineor to otherprocessesoperating

on theboard.

Therearetwo boards.Thetoponeis thecolorprocessingboardwhichdigitizesthe

incomingNTSCinto 24bit RGB.ThisRGBsignalis 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 andallows multiple object

trackingatonce.

The bottomboardcontainsthe processor. It is a standardMotorola 68332-based

computerwith 256Kof RAM. Thisquantityis expandableto 1MB onboard.Theboardhas

input/outputportsleft overaftertheinterfaceto thevisionprocessingboard.This includes

digital input/outputlines,abuswith software-de�nablechipselectsandtwo asynchronous

andonesynchronousserialports. It is thereforepossibleto directly controla robotor to

interfaceto anetwork computer.

Thereare two serial ports. Port A is consideredto be the primary port, as it is

connecteddirectly to the 68832processor's hardwareasynchronousserialport, andthus

takesminimal overheadfor datatransmissionandreception. Port B is connectedto the

general-purposeTimer Processorunit. This runsmicrocodeto implementasynchronous

serial protocol. Port B is only reliableat 9600baudor slower. The boardcan be pro-

grammedto automaticallysendtheimagecentroiddataevery frame(60Hz is about16:66

ms) or thecomputercanperiodically“ask” for data. ThecommunicationusesanRS232

protocolanddatais sentasa stringof characters.This stringof charactersis processedin

ourprogramfor conversioninto decimalnumbers.

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

Theoutputsignalis alwaysblackandwhitesonocolormonitoris needed.

3.2 The Pan-Tilt Unit

The boom-camerasystemusesa commercially-available,motorizedpan-tilt unit.

This is actuatedby two DC motorsto rotatethecamerawith respectto a horizontalanda

verticalaxis.Thecharacteristicsof thetwo DC motorscanbeseenin Table4.1.

They are equippedwith digital encoderswhich offer position information. The power

electronicsaredrivenby anIndustryStandardArchitecture(ISA) Digital SignalProcessing
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Figure3.1: The schematicblock diagramfor a simpleproportionalcontroller. Tracking
with suchacontrolleris successful.

(DSP) boardwhich ensuresPC interface. The DSP board is accompaniedby a set of

librariesavailableto thedeveloper. Usingfunctionsfrom theselibraries,a C programcan

rotatethe cameraby prescribingthe positionor the velocity. Time, currentpositionand

velocity informationarealsoavailable.

3.3 A SimpleProportional Controller

As statedbefore,the�rst hypothesiswasthatusingasimpleproportionalcontroller

andsimpleimageprocessingtechnique,we cantrackmoving targetsevenwhile theboom

moves.We �rst implementedasimpleproportionalcontroller.

The controllerschematicdiagramcanbe seenin Figure3.1. The actualposition

of the target is comparedwith the desiredone. The result is sentto the controllerwhich

computesthedesiredcameravelocity. Thisvalueis thensentto thedriverunit.

3.4 ExperimentsDescription

Severalexperimentswereperformedin thelab. Thegoalof theseexperimentswas

to con�rm (or in�rm) our �rst hypothesis.The�rst of our experimentswasto tracka toy-

truck(seeFigure3.2).An arti�cial whitebackgroundwasusedto helpthesystemto better

detectthetarget.Thecamera-targetdistancewas3 m. Thetoy wasmoving backandforth

while thecamerawastracking.Cameramotiondata,boomingdataandtrackingerrorwere
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Figure3.2: Trackinga toy truck. The truck is moving backand forth in an “arti�cial”
environment. The proportionalcontrolleris usedto track this target while an operatoris
booming.Trackingerror, boomingandcameradataarerecorded.

recorded.Theplotscanbeseenin Figure3.3.

It canbeseenthatastheoperatoris boomingandthetargetis moving thecontroller

performsavisuallyservoedcounterrotation.Thesystemis ableto trackthemoving target.

Still thereweretwo challenges:systemstabilityandtrackingperformance.

The work demonstratedthat the key designparameterwhenvisually servoing re-

dundantdegrees-of-freedomsystemsis stability, especiallywhenthe targetandtheboom

move 180degreesout of phase.If boommotiondatais not included,cameraposecannot

bedeterminedexplicitly becausethereareredundantdegrees-of-freedom.As a result,the

systemcouldtrackaslow moving targetratherwell, but wouldbeunstablewhenthetarget

or boommovesquickly.

The secondissuewas the systemperformance.The operatorwas boomingvery

slowly (lessthe1 deg/sec).Thetargetmovedslow aswell (about10cm=sec). Any attempt

to increasetheboomingor targetspeedresultedin trackingfailure.
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Figure3.3: Experimentwith theProportionalControllerKx = 100 , a) encoder b)pixel-
error c)boom-armencoder.

Still, anotherexperimentwasperformed.This time peopletrackingwasattempted.

A personwearingaredcoatwasaskedto movebackandforth in thelab. Thecolor-tracker

wastrainedfor red. Thetaskwasto keeptheredcoatin thecamera's �eld of view while

anoperatorboomed.Thecamera-targetdistancewasabout5m. Sequentialimagescanbe

seenin Figure3.4.

Theboomcamera'spointof view canbeseenin thetop row. In themiddlerow, the

threeimagesshow theoperatorboomingandthetargetmoving. It canbeseenthatboththe

targetandtheboomaremoving. Thebottomrow showsaview takenfrom anothercamera.

As the imagesshow, thesystemis ableto performpeopletracking. Still, thesame

challengesasin thepreviousexperimentapply. It is importantto underlinethatthevision

had no information aboutbooming. So, introducingboominginformation can improve

trackingperformanceaswell asstability.

3.5 The Coupling Controller

As canbe seen,the systemis ableto track usinga very simpleproportionalcon-

troller. Many timesit almostlost the target. Stability wasalsoan issue. To sidestepthe

challengespreviously mentioned,a bettercontroller is needed.More thanthat, asstated

before,thevisionsystemhasnoboominginformation.By introducingthis information
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Figure3.4: Threesequentialimagesfrom videotapingthe experiment. Top row: camera
�eld-of-view showstargetis tracked.Middle row: boommanuallycontrolled.Bottomrow:
view from anothercamcorder.
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Figure3.5: Two USDigital encodersweremountedon theboomto determinetheangleof
rotationin thehorizontalandverticalplane.An ISA PCboardis usedto readthem.

boththeperformanceandthestabilitywereexpectedto increase.

Two encodersweremountedon theboom.A US Digital ISA boardis usedto read

theseencoders(Figure3.5). The boomingvelocity is determinedby derivation followed

by �ltering.

Inspiredby thework of Oh andAllen [25] anddividing thesysteminto two parts-

thehuman-in-the-loopandthepan-tilt unit - servesto overcomeinstability challengesand

lay the foundationfor designinga couplealgorithm. By takingadvantageof the fact that

the motion of the human-in-the-loopis muchslower thanthe motion of the camera-pan-

tilt-head,this algorithmis ableto counterrotatethecameraandkeepa stationarytarget in

thecamera's �eld of view whentheoperatorbooms.Thevision systemcompensatesonly

for targetmotion.

A schematicdepictingthetop view of theboomis shown in Figure3.6. Assuming

a stationarytarget,onecancalculatethecameravelocity neededto compensatefor boom

rotation. For example,in Figure3.6, oneassumedthat themotionsstartwhentheboom,

cameraandtargetarealigned.A ”worstcase”scenariois presentedhere:theboomrotates
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Figure3.6: Boomtop view; dueto thecouplingalgorithm,thevision systemhasto com-
pensateonly for angled.
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Figure3.7: Thecouplingblockdiagram.Basedontheboom'sangularvelocity, thecamera
velocity is calculated.

towardsleft while thetargetmovestowardsright. Theprogramcompensatesfor theangle

g while thevision systemwill compensateonly for angled. It canbeseenthat theangle

which is to be compensatedfor by the vision systemis reduced.Here,L is the distance

betweenthesceneandtheboom's pivot, lBA is the lengthof theboomandg is theangle

thepan-tilt headrotateswith respectto theboom. Assumingthat theoperatorwill boom

suchthatEquation(3.1) is satis�ed,thenthevalueof thepan-tilt headvelocity which will

compensatefor boomingis givenby

�g(t) = (
LlBAcos(q) � l2

BA

L2 + l2BA � 2LlBAcos(q)
+ 1) �q(t) (3.1)

whereq is theangleof theboomwith respectto its initial position.A blockdiagramof this
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is shown in Figure3.7. In this�gure, the�rst blockrepresentstheoperatortransferfunction

asit wasderivedby SherridanandFerrell (Section2.2.1equation2.1). Thesecondblock

containsthetransferfunctionof theboom. Assuminga rigid, frictionlessboomstructure,

theboomtransferfunctionrelatingthetorqueactingon boomandits angularacceleration

is givento be

GBA =
q̈(s)
M(s)

=
1
J

(3.2)

The angularvelocity is obtainedby integration. The input is the boom's angular

velocity andtheoutputis thecameraangularvelocity. Figure3.7 representsthecoupling

controller. Theoutputrepresentsthedesiredcameravelocity. Thisvalueis sentto thePTU

electronicdriverasreferencespeed.

3.5.1 Experimentswith the Coupling Controller

Thecouplingcontrollerwasimplementedin C.A setof experimentswasperformed

to assessits performance.As theseexperimentsonly attemptto testthecouplingcontroller

algorithm,this timea�x edtargetwasused.In theseexperimentsthetargetwas4:5 maway

from theboom's pivot.

Theoperatorboomedwhile thecontrollerattemptedto keepthetarget in camera's

�eld of view. Boomingdataaswell astheerrorin boththex andy directionswererecorded.

Someresultscanbe seenin Figure3.8. It canbe seenthat asthe operatorboomed,the

couplingcontrollerattemptedto counterrotatethecamera.Theplotsof theerror in x and

y directionscanbeseenaswell. Theplotsshow successfultracking. Still, this algorithm

dependson camera-targetdistance.Whenthis valueis not preciselyknown, theerrorsare

notacceptable.
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Figure3.8: CouplingAlgorithm ExperimentResults:PanandTilt errorsandangles.The
errorsarestill toobig.
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4: The Feedforward Controller

The termvisualservoinghassomehow replacedthe termvisual feedback. Almost

all reportedvisualservoedsystemsarebasedonafeedbackcontrolscheme.In thischapter,

a feedforwardcontrollerwith a feedbackcompensatoris described.

The couplingalgorithmwe presentedabove hadseveral problems. The most in-

convenientonewasthat the camera-to-target distancehasto be known precisely. If any

errorappears,this induceserrorsin our algorithm.To sidestepthis, a feedforwardcontrol

schemewith a fedbackcompensatorwas adopted. In the following, for simplicity, this

controlschemeis referredto asfeedforwardcontroller.

4.1 Visual Feedforward Control

To overcomeinstabilitiesand increasethe performance,a feedforward controller

wasdesigned.This providestargetmotionestimation[6]. Theschematicblockdiagramis

shown in Figure4.1.Thetransferfunctioncanbewrittenas

iX(z)
Xt(z)

=
V(z)(1� Gp(z) � DF (z))
1+ V(z) � Gp(z) � D(z)

(4.1)

where iX(z) is the positionof the target in the image,Xt(z) is the target actualposition,

andV(z) andGp(z), arerespectively thetransferfunctionsfor thevision systemandPTU.

DF (z) andD(z) arerespectively the transferfunctionsfor the feedforward andfeedback

controllers.

Clearly, if DF (z) = G� 1
p (z) thetrackingerrorwill bezero,but this requiresknowl-

edgeof the targetpositionwhich is not directly measurable.Consequently, the targetpo-

sition andvelocity areestimated.For a horizontallytranslatingtarget, its centroidin the

imageplaneis givenby therelativeanglebetweenthecameraandthetarget.
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Figure4.3: A schematicof camera-scene.Using the informationcomingfrom encoders
thecontrollercanestimatethetarget's position.

4.2 TargetPosition Estimation

Withouthaving targetmotioninformation,theschematicblockdiagramdepictedin

Figure4.1 cannotbeused.Still, basedon thesuccessive targetpositions,its positionand

velocitycanbeestimated(Figure4.2).Thecamerasensestargetpositionerrordirectly:

iX(z) = Klens(Xt(z) � Xr (z)) (4.2)

whereiX(z) andXt(z) arethe targetpositionin the imageplaneandworld framerespec-

tively. Xr (z) is thepositionof thepointwhich is in camera's focus(dueto theboomingand

camerarotation)andKlens is thelenszoomvalue.Thetargetpositionpredictioncanbe

obtainedfrom theboomandPTUasseenin Figure4.3.Rearrangingthisequationyields

X̂t(z) =
iX̃(z)
Klens

+ Xr (z) (4.3)

whereX̂t is predictedtargetposition.

It is known that thevision systemintroducesa unit delay, so thealgorithmshould

bedelayed.This will leadto a delayin targetpositionestimation.Theestimatesmustbe
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basedon someassumptionof targetmotion. Trackingperformancewill beevaluatedfor a

standardsinusoidaltestmotion.

4.2.1 SimpleDiffer entiation

A wayto determinethetarget'svelocity is simply to differentiateits position.How-

ever, this methodrequiresa �lter to eliminatethe introducednoise.Also, it is possibleto

computetheoptical�o w ratherthandifferentiatethepositionwith respectto time. In liter-

atureit is suggestedthat thehumaneye's �xation re�ex is drivenby retinalslip or optical

�o w.

4.2.2 The a - b tracking �lter

Numerousapplicationssuchasair-traf�c handling,missile interceptionandanti-

submarinewarfarerequiretheuseof discrete-timedatato predictthekinematicsof amov-

ing object. Theuseof passive sonobuoys which have limited power capacityconstrainus

to implementtarget-trackerswhich arecomputationallyinexpensive. With theseconsider-

ationsin mind,ananalysisof ana - b �lter is presentedin thisparagraph.

a - b �lters weredevelopedin themid 1950s[32] for radartargettracking,position

andvelocity estimationfrom noisy measurementsof rangeandbearing. In the simplest

form they are�x edgain �lters basedon theassumptionthatthetargetaccelerationis small

enough(or evenzero).

Thetargetisperiodicallyobservedanditspositionis recorded.Basedontherecorded

position,anestimatedpositionis madeby the �lter . Thesealgorithmswork in two steps.

The�rst stepis prediction, in which thepositionandthevelocity of thetargetis predicted

for thenew iteration:

xp(k+ 1) = xs(k) + Tvs(k) (4.4)

whereT is thesampletime andxp(k+ 1) is thepredictionfor positionat iterationk+ 1.
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xs(k) andvs(s) arethecorrectedvaluesof iterationk for positionandvelocity respectively.

Thesecondstepis to makecorrections

xs(k) = xp(k) + a (xo(k) � xp(k)) (4.5)

vs(k) = vs(k) + (b=T)(xo(k) � xp(k)) (4.6)

wherexo(k) is theobserved(sampled)positionat iterationk. Theabove equations

canbearrangedinto a transferfunctionform

V̂s(k)
Xo(z)

=
b
T

z(z� 1)
z2 + (a + b � 2)z+ 1� a

(4.7)

It is thenclearthatthepolesaremanipulatedby thevaluesof a andb. The�lter is

treatedashaving only onefreeparameter(a ) while b is computedfor critical damping.

bCD = 2� a � 2
p

1� a (4.8)

4.2.3 The a - b - g tracking �lter

The a - b - g �lter is a higherorderextension.This algorithmalsoestimatesac-

celerationandshouldimprove targettrackingperformance.The�lter workssimilar to the

previousone.Its equationsare

xp(k+ 1) = xs(k) + Tvs(k) + T2as(k)=2 (4.9)

vp(k+ 1) = vs(k) + Tas(k) (4.10)

whereT is thesampletimeandxp(k+ 1) andvp(k+ 1) arerespectively thepredictionsfor

positionandvelocity at iterationk+ 1. xs(k), vs(k) andas(s) arethe correctedvaluesat

iterationk for position,velocityandaccelerationrespectively.

Thesecondstepis to makecorrections
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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=2T2)(xo(k) � xp(k)) (4.13)

wherexo(k) is theobserved(sampled)positionat iterationk. Theappropriateselectionof

gainsa , b andg will determinetheperformanceandstabilityof the�lter [36].

4.2.4 Kalman �lter

This �lter , proposedby Kalmanin 1960[19], is anoptimalestimatorof systemstate

whereinputandthemeasurementnoisearezero-meanGaussiansignalsandthecovariance

is known.

Literatureshows that a Kalman�lter wasoftentimesused. Still, this algorithmis

relativelly complex andtime consumingto execute.However, its gainsconvergeto stable

values.

4.3 The Pan-Tilt Unit Transfer Function

As mentionedbeforethecamerais mountedon a 2 degree-of-freedompan-tilt unit

(PTU) which, is actuatedby two electricmotors.Two DC motorsaredrivenby a motion

card installedin a PC. Like many commercialmotion cards,the PID control gains are

factoryset,balancingtransientresponsewith minimal overshoot. Using a standardDC

motortransferfunction,onehas

Gm(s) =
�qm(s)
Ea(s)

(4.14)

=
Kt

KvKt + (sJm+ Dm)(Ra + sLa)

where �qm is motorspeed,Ea is theappliedvoltage,Kt is themotor torqueconstant,Kv is
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Table4.1: Theparametersof thePTUmotors.

Motor Parameters ValueandUnits
Ra, rotor resistance 1:15W
La, rotor inductance 1:4mH
Kt , torqueconstant 0:055Nm=A
Kv, backEMF constant 5:8V=kr pm
Ja rotormomentof inertia 1:33� 10� 5

thebackEMF constant,Ra andLa aretherotor resistanceandinductancerespectively and

Dm is thearmatureviscousdamping.Valuesfor theseparametersaregiven in Table4.1.

Jm is themotorshaft's momentof inertia.

Jm = Ja + JL(
N1
N2

)2 (4.15)

where,JL is loadmomentof inertia,Ja is therotormomentof inertiaandN1
N2

is thegearratio.

ThePTU'sgearratioandDm arebothsmallandweresetto zero.As such,Equation(4.15)

with valuesfrom Table4.1resultsin

Gm(s) =
�qm(s)
Ea(s)

=
5500

0:001862s2 + 1:295s+ 31:9
(4.16)

Using a zero-order-hold to modela digital-to-analogconverter, the discreteform

of the transferfunction canbe calculated.Figure4.4 givesthe plant block diagramthat

combinesthe motor and the PID controller D(z). Here vref is the commandreference

velocity, E is theerrorbetweenthecommandandactualmotorvelocitiesandKe = 2000

counts/rev is theencoderconstant.Thesamplingtime T wassetat 1.25msec.D(z) is the

factory tunedPID controllerwith proportional,integral andderivative gainssetat KP =

15000,KI = 40 andKD = 20000respectively for the PTU panmotor. PID gainsfor the

tilt motorwerefactorysetat KP = 15000,KI = 20 andKD = 32000.With Gm(s) givenby
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Figure4.4: The PTU ControllerBlock Diagram. This representsthe controllerof each
degree-of-freedomof camera.

Equation4.16,theplantdiscretetransferfunctionGP(z) relatingthecommandandactual

velocitiesis givenas

Gp(z) =
0:704� 0:787z� 1 + 0:439z� 2 � 0:055z� 3 + 0:035z� 4

1409:3� 1575:36z� 1 + 878z� 2 � 11:02z� 3 + 70z� 4 (4.17)

4.4 Feedforward Controller Implementation

To implementthe controller, a methodfor target positionandvelocity had to be

chosen.To combinethe advantagesof simplicity of implementationaswell as tracking

performancethea - b - g �lter waschosen.Thenext sectiondiscussesthe�lter stability.

4.4.1 Stability of a - b - g �lter

As mentionedpreviously, thestabilityandperformanceof this �lter aredetermined

by thevaluesof a , b andg. Prior to implementation,astability studywasdone.

By applyingtheZ-transformto equations4.9and4.10,

zXp(z) � zxp(0) = Xs(z) + TVz+
1
2

T2As(z) (4.18)

zVp(z) � zvp(0) = Vs(z) + TAs(z) (4.19)
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By applyingtheZ-transformto equations4.11,4.12,and4.13,

Xs(z) = Xp(z) + a (Xo(z) � Xp(z)) (4.20)

Vs(z) = Vp(z) + (b=T)(Xo(z) � Xp(z)) (4.21)

As(z) =
z

z� 1
(g=2T2)(Xo(z) � Xp(z)) (4.22)

Therefore,

zXp(z) = zxp(0)+ Xp(z)+ a [Xo(z) � Xp(z)]+ T[Vp+
b
T

[Xo(z) � Xp(z)]+
1
4

z
z� 1

g[Xo(z) � Xp(z)]

(4.23)

Similarly,

(z� 1)Vp(z) = zvp(0) +
1
T

[Xo(z) � Xp(z)][b +
g
2

z
z� 1

] (4.24)

Assumingvp(0) = 0, Equation4.24becomes

Vp(z) =
1
T

[Xo(z) � Xp(z)][
2b(z� 1) + gz

2(z� 1)2 ] (4.25)

If Vpz is substituted,the4.23becomes

(z� 1)Xp(z) = zxp(0) + [Xo(z) � Xp(z)][a +
2b(z� 1) + gz

2(z� 1)2 + b +
1
4

z
z� 1

g] (4.26)

Assumingxp(0) = 0 this time,weobtainanequationwhichdependsonly onXp(z),

Xo(z) andhasparametersa , b andg. ThetransferfunctionrelatingXp(z) andXo(z) is then

GPa bg =
Xp(z)
Xo(z)

=
(a + b + g

4)z2 + (� 2a � b + g
4)z+ a

z3 + (a + b + g
4 � 3)z2 + (� 2a � b + g

4 + 3)z+ a
(4.27)
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Table4.2: TheJury'sStabilityTableof thea - b - g �lter .

z0 z1 z2 z3

a � 1 � 2a + b + g
4 + 3 a + b + g

4 � 3 1
1 a + b + g

4 � 3 � 2a + b + g
4 + 3 a � 1

a (a � 2) a (4� 2a � b + g
4) � 1

2 a (a + b � 2+ g
4) � 1

2

where“P” standsfor position.A similartransferfunctionwhichrelatesthepredictedveloc-

ity to theobservedpositioncanbederivedaswell. Jury'sstability testis usedto determine

thestability region. Writing thecoef�cients of thecharacteristicpolynomialin Jury's table

andcalculatingthedeterminantsyieldsTable4.2.

Theconditiona0 > 0 is satis�ed sincea0 = 1. To satisfytheconstraintsjanj < a0

thecoef�cients requireja � 1j < 1, which is equivalentto

0 < a < 2 (4.28)

Substitutingz= 1 andapplyingtheconstraintP(z)jz= 1 > 0 requiressatisfactionof

theinequality

1+ (a + b +
g
4

� 3) + (� 2a � b +
g
4

+ 3) + a � 1 > 0 (4.29)

whichcanberewrittenas

g > 0 (4.30)

SatisfyingtheconstraintP(z)jz= � 1 < 0 for oddn yields

2a + b < 4 (4.31)
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which is the sameconstraintfor a andb as for the a � b tracker. The �nal condition

jb2j > jb0j requires

ja (a � 2)j > ja (a � 2) + a (b +
g
4

) �
g
2

j (4.32)

Observingthattheterma (a � 2) is alwaysnegative,wehave

a (b +
g
4

) �
g
2

> 0 (4.33)

Thisstatementleadsto theconstraintong for which thea � b � g tracker is stable,which

is

g <
4a b
2� a

(4.34)

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

The a � b � g �lter wasthenimplemented.To gain con�denceregardingimple-

mentation,anexperimentwasperformed.Thetarget's actualandpredictedpositionwere

recordedversustime. Theplot canbeseenin Figure4.5.

Excludingthemomentswherethetargetchangesdirectionwith respectto thecam-

era,theerrorsarenegligible (lessthen10 pixels).

4.4.2 The CondensationAlgorithm

To detectthepre-selectedtarget,thecondensationalgorithmwasemployed.A brief

descriptionof how this algorithmworks is given in this paragraph.This algorithm is a

trackingframework combiningtrainedmotionmodelsandfactoredsamplingto accomplish

thetaskof propagatingthestatedensityof a trackedobjectover time [16].

Thetrainedmotionmodelsareusedto getthebestpossiblepredictionof themove-

mentof theobjectbetweenframes.This is essentialfor theperformanceof thetracker.
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Figure4.5: Theactualandpredictedtargetpositiondatawererecordedversustime. It can
beseenthatthe�lter predictsthetargetspositionwithin � 25 pixels. This maximumerror
occurwhencamera-targetrelativevelocitychanges.

Thetaskof thestatebasedtracker is to determinethecon�guration(spatialmotion,

possibly3D orientationand internaldegreesof freedom)of an object from consecutive

framesof video.Oneway to accomplishthis is by testingeverypossiblecon�gurationand

thenselectingtheonethatbest�ts thecurrentframe.

Insteadof comparingevery possiblecon�guration of the object with eachvideo

frame,theCondensationalgorithmmakesa setof informedguessesof thecon�guration,

comparetheseguesseswith thecurrentframeandusestheresultof this comparisonasthe

basisfor a new setof guesseswhenthenext framearrives. Thesenew guessesaremade

by selectingthebestguessesfrom thelastframeandapplyingamodelof themovementof

theobjectfrom oneframeto thenext. Thesetof guesseswill convergearoundthecorrect

stateof theobjectframeby frame.

To be ableto performtrackingusingthis method,two modelsmustbe available:

1) A motion modelencompassingknowledgeof how the stateof the objectevolvesover

time. This is thebasisfor dynamicpropagationof theguessesfrom oneframeto thenext.
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In additionto adeterministicpartbasedonmechanicalpropertiesof theobject,thismodel

generallycontainsastochasticelementmodellingtheuncertaintiesin themodelandin the

data.2) A measurementmodeldescribinghow physicalpropertiesof theobjectandback-

groundproducethefeaturesusedfor comparingparticleswith imagedata.Thismodel

forms the basisfor a likelihood function that expressesthe con�dence,that a particular

guesscorrespondsto theactualstateof theobjecttracked.

Thesemodelsmustbeconstructedbasedona priori knowledgeof thespeci�c track-

ing problem.Thisknowledgecaneitherbededucedfrom known physicalpropertiesof the

tracked object, the background,and the lighting andcamerasetup,or it canbe learned

from video sequencessimilar to what the �nal systemis expectedto handle. The better

thesemodelsare,thebettertheperformanceof the trackingsystemwill be. Thedescrip-

tion canbedividedin two parts:initializationandtracking.

Initialization is performedwhenthetracker is startedto provide an initial estimate

of the positionof the target. The tracker is initialized by creatinga setof guessesof the

con�guration of the tracked object. Oncethe initialization is accomplished,tracking is

started.

4.5 ExperimentsWith the Feedforward Controller

4.5.1 PeopleTracking Experiment

With thesystemequippedwith thefeedforwardcontroller, a coupleof experiments

wereperformed.Again, the �rst wasa peopletrackingexperiment.A subjectwasasked

to move backandfourth in the laboratoryenvironment. While the operatorboomed,the

cameratracked the subject. This experimentwasvideotapedaswell. Sequentialimages

canbeseenin Figure4.6. The�rst row shows theboomcameraview. It canbeseenthat

thesystemtracksmuchbetterin thiscasein comparisonto theproportionalcontroller. The

secondrow shows theoperatorboomingwhile thethird row shows theprogramworking.
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Figure4.6: Threesequentialimagesfrom videotapingthe experimentusingthe feedfor-
wardcontroller. Toprow: camera�eld-of-view showstargetis tracked.Middle row: boom
manuallycontrolled.Bottomrow show theworkingprogram.



41

Figure4.7: Threesequentialimagesfrom videotapingtheCyerobot trackingexperiment
usingthe feedforward controller. Top row: camera�eld-of-view shows target is tracked.
Middle row: boommanuallycontrolled.Bottomrow: theworkingprogram.

It canbeseenthattargetis well detected.

4.5.2 Tracking the CyeRobot

Thefeedforwardcontrollerwastestedto tracktheCyerobotwhich wasmoving on

a speci�c, pre-programmedpath. The largepathwassetin the lab environmentsuchthat

thecamera-targetdistancestronglyvariedalongthepath(from 1mto 5m). Duringtracking,

theoperatorwasboomingat thesametime therobotwasin motion. Themaximumrobot

speedwasabout0:5m=sec.

Theexperimentwasvideotapedaswell. Severalpicturescanbeseenin Figure4.7.
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Figure4.8: A woodenblock targetwasmountedon theend-effectorof a Mitsubishirobot
arm (background).The boom-camerasystem(foreground)attemptsto keepthe target's
imagecenteredin thecamera's �eld-of-view.

4.5.3 A Comparisonbetweenthe Feedforward and the Proportional Controller

To assesstheperformanceof thenew controller, anotherexperimentwassetup. A

Mitsubishi robotic arm wasprogrammedto sinusoidallymove its endeffector backand

forth. Thesetupcanbeseenin Figure4.8. Thetargetwasattachedto theendeffectorand

wastrackedusingboth theproportionalandthe feedforwardcontroller. An operatorwas

panningtheboomat thesametime. DataregardingMitsubishimotion,boominganderror

wererecorded.Theperformanceis assessedby comparingthetrackingerror.

Theexperimentwassetup in the lab. Thecamera-targetdistancewas3:15m. The

targetdimensionswere8:9� 8:25cm2. Theroboticarmmovedthetargetsinusoidallywith

a frequency of about0:08Hz anda magnitudeof 0:5m. The condensationalgorithmwas

usedfor targetdetection.As thisalgorithmis noisy, thetargetimageshouldbekeptsmall.

The targetdimensionsin the imageplanewere34� 32pixels. While bothcontrollersat-
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Figure4.9: Trackingerrorscomparingfeedforwardandproportionalcontrol in human-in-
the-loopvisual-servoing. Top row: targetsinusoidalmotionandbooming. It canbeseen
that theoperatormovedtheboomrealslow (about1 deg=sec). Bottomrow: the tracking
error usinga proportionalcontrol (left handside)anda feedforward control (right hand
side).

temptedto track,theboomwasmanuallymovedfrom � 15deg to + 25deg. Theplotscan

beseenin Figure4.9.

In the top row, the target motion andthe boomingplot (both versustime) canbe

seen.Theoperatormovedtheboomreally slow (approximately1 deg=sec). This ratewas

usedbecauseof the proportionalcontroller. The trackingerrorsareshown in the bottom

row. The left handsideimage(bottomrow) shows theerrorwhenusingtheproportional

controller for tracking. The right handside image(bottom row) shows the error when

usingthefeedforwardcontroller. Whenusingthefeedforwardcontroller, thepeak-to-peak

errorwasabout100 pixels, while with theproportionalcontrollertheerrorwasmorethen

300 pixels. By comparingthe error in the sameconditions,the conclusionwasthat the

feedforwardcontrolleris “muchbetter”thentheproportionalone.
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5: A Model for the Boom-CameraSystem

5.1 Intr oduction

In thepreviouschapterit is shown thatby usinga feedforwardcontrolscheme,the

trackingperformanceaswell assystemstability increases.

In [33] we underlinedthe system's stability challenge,especiallywhenthe target

and the boommove 180 degreesout of phase. If the systemhasno boominginforma-

tion, cameraposecannotbedeterminedexplicitly becausethereareredundantdegrees-of-

freedom.As a result,thesystemcould tracka slow moving target ratherwell, but would

beunstablewhenthetargetor boommovesquickly. Thefeedforwardcontrollerdescribed

in [34] improved performance.In comparisonwith the proportionalcontroller, the sys-

tem wasableto track a sinusoidallymoving target with an error threetimeslessthat the

proportionalcontroller.

At this step,a model for the boom was desired. Basedon the fact that, despite

simplicity, the boomis nonlinear, our next hypothesisis that a bettercontrol schemecan

offer evenbetterperformance.But to designandimplementsucha controller, a modelof

theboomis needed.To applycontroldesignmethodsto this relatively complex modelcan

becomputationallyexpensive.

The�rst partof thischapterdescribesderivationof adynamicalmodelfor theboom-

camerasystem.Thesecondpartshows thevalidationof this modelby matchingthesimu-

lation resultsagainstexperimentalones.Someconclusionsarepresentedaswell.

5.2 How to model the system

Sometimes,multibody mechanicalsystemshave a chainstructure. In suchcase,

rigid bodiesareconnectedtogetherby joints. Consideringdimensionalrelationshipsbe-

tweenlinks it is possibleto write the kinematicequationsbetweenthe two ends. Still,

caseswhena mechanicalsystemdo not have a chainstructureexists(i.e. whenthey con-
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tain loops). In suchcasesit is convenientto treat themin the samemannerandaddthe

necessaryconstraints(whichwill re-establishtheloops).

Theboom-camerasystemis composedof rigid bodiesconnectedtogetherby joints.

Becauseit containsaboutsevenlinks it is convenientto exploit moderncomputeralgebra

toolslike MathematicaandTSiProPac to build themodel.Theboomis treatedasa chain

structurewith constraints.

Therearecertainwaysto modela systemsuchastheonewe aredealingwith. The

analyticalway usesLagrange's mechanics.By writing thepotentialandkinetic energy of

thesystemandapplyingLagrange's formula,a systemof equationsis found. Thesecond

way is usingmathematicalpackagessuchasMathematicaandProPac. Thesesoftware

packagesmake useof Poincaŕe's equations.Describingthe mathematicaltheorybehind

theseequationsis beyond the goal of this thesis.For additionalreadingswe recommend

Chapter4 from ([22].

5.3 Creating the SymbolicModel

A nonlinearmathematicalmodel of the boom and the correspondingsimulation

modelweredevelopedusingMathematicaandTsiProPac ([22] and[21]). Themathemat-

ical modelenablesus to evaluatethepropertiesof theboomanddesigneithera linearor

nonlinearcontroller. The simulationmodel is in the form of a C-codethat canbe com-

pliedasanS-functionin SIMULINK. Together, thesemodelsof thehighly involvedboom

dynamicsfacilitatethedesignandtestingof thecontrollerbeforeits actualimplementation.

The boom,shown in Figure5.1, is comprisedof 7 bodiesand8 joints. The bod-

ies andjoints aredenotedby boxesandcircles,respectively. The degreesof freedomof

thevariousjoints aredetailedin Table5.1,while thephysicaldataaregiven in Table5.2.

They give the position/Euleranglesof the `joint body'(JB) with respectto the `reference

body'(RB).At theorigin,whichcorrespondsto astableequilibrium,theboomandthecam-

eraareperfectlyaligned. The characteristicof the boomto alwayspositionthecamera's
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Figure5.1: A numberwasassignedto every link and joint. Circled numbersrepresent
jointswhile anumberin a rectanglerepresentsa link.

Table5.1: Typesof motionfor links.

Joint# RB JB x y Rx Ry Rz

1 1 x y
2 1 2 y b
3 2 3 qbt1
4 2 4 qbb1
5 3 5 qbt2
6 4 5 qbb2
7 5 6 y c

8 6 7 qc
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Table5.2: Boomlink, massesandmomentsof inertia.

Object Mass Momentof Inertia
link [kg] [kg� m2]

Dolly (link1) 25kg Ixx = 2:48,
Iyy = 0:97,
Izz= 3:465

Link 2 0:6254 Ixx = 0:000907
Iyy = 0:000907,
Izz= 0:00181

Boom(link 3) 29:5 Ixx = 0
Iyy = 16:904,
Izz= 16:904

Link 4 0:879 Ixx = 0
Iyy = 0:02379,
Izz= 0:02379

Link 5 3:624 Ixx = 0:08204
Iyy = 0:00119,
Izz= 0:00701

PTU(link 6) 12:684 Ixx = 0:276
Iyy = 0:234,
Izz= 0:0690

Camera(link 7) 0:185 Ixx = 0
Iyy = 1:33�10� 5,
Izz= 1:33�10� 5

platformhorizontallycomesfrom thefact thatbodies3 and4 arepartof a parallelogram.

Therearetwo constraintsfor the system.Thesecanbe seenin Equations5.1. Thusthe

systemeffectively hasonly 6 degreesof freedom.

qbb1 � qbt1 = 0

qbt1 + qbt2 = 0 (5.1)

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

exertedby theoperator, andthe torquesQ3 andQ4 appliedby thepanandtilt motorsof
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thecamera,i.e., u = f Q1;Q2;Q3;Q4g. Theoperatoroperatesthedumbbellat theendof

body3 to facilitatethetrackingof thetargetby thecamera.In this analysis,it is assumed

thathedoesnot move thecart,althoughit is straightforwardto incorporatethatmotionas

well. Thepanandtilt motorscorrespondto therotationsy c andqc, respectively.

The model is obtainedin the form of Poincaŕe's equations(see[22] and[21] for

details)

�q = V(q)p

M(q) �p+ C(q)p+ Q(p;q;u) = 0 (5.2)

Thegeneralizedcoordinatevectorq, is givenby q = [x;y;y b;qbt1;qbt2;qbb1;qbb2;y c;qc]T .

The vector p is the 7 � 1 vector of quasi-velocities. The �rst set of equationsare the

kinematicsandthesecondarethedynamicsof thesystem.

5.4 Model Validation

In [34] we describedan experimentwerethe camerawastrackinga target which

movedsinusoidallywhile booming.Thesetupcanbeseenin Chapter4, Figure4.8. The

Mitsubishiroboticarmwasinstructedto sinusoidallymove thetarget in thehorizontaldi-

rection.Duringthismotion,thecamerawastrackingwhile theoperatorwasbooming.The

displacementmagnitudewasabout0:5 m andthefrequency wasabout0:08 Hz. Tracking

error, boomangleandtarget motion informationwererecorded.To validatethis model,

we performeda simulationof this experimentusing this data. The resultsmatchedthe

experimentaldata.

To run thesimulationwe �rst compiledtheMathematica�le. Theoutputis a stan-

dardC �le which canbe edited/compiledusingany C compiler. We usedMatlab MEX

functionto createaDynamicLink Library (dll) �le whichde�nestheSimulinkS-function.

The�le wascompiledusingthecommandmex. Theboommodelwasthenimportedinto
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Simulink. Using two LOOK-UP tables,datafrom the Mitsubishi robot and datafrom

boomingwereimportedinto Simulink. A �rst ordermodelwasassumedfor thepan-tilt-

unit. The loop wasclosedin Simulink using the proportionalcontroller. A torquethat

generatesa boommotion similar to the experimentalonewasgenerated.The target was

programmedto move accordingto themotionof theMitsubishi roboticarm(Figure5.3 -

top).

After runningthesimulation,the trackingerrorwascomparedto theoneobtained

experimentally(Figure5.3- middleandbottom).

In Figure5.2,theboomingdataareplotted.Theboominganglein radiansis plotted

versustime. In thetop �gure, theexperimentalboomingis shown. In thebottomone,the

simulationcanbeseen.During theexperiment,therewasno informationaboutthe force

actingon the boom. In Simulink a torquewasappliedto the boom. The corresponding

boominganglecanbeseenin thebottomof Figure5.2. It canbeseenthatthetwo curves

shown in this �gure have thesameshape.

Thesimulationresultsareplottedin Figure5.3. In thetop �gure, thetargetposition

canbeseen.Thetrackingerrorwasplottedin pixelsfor comparisonwith theexperimental

case.Thelastplot shows theexperimentaltrackingerror in pixels. Thevalueof theerror

wasabout350 pixels versus300 pixels in the experiment. Onesourceof error was the

friction thatappearedin therealboom,which wasnot modelled.Anothersourcewasthe

torquethatwasappliedto theboomin thesimulation.Theboomanglein thesimulation

doesnotmatchexactlytheexperimentalboomangle.Sincethevaluesof thetrackingerrors

aresimilar, thissuggeststhatthemodelis reasonablyaccurate.
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Figure 5.2: Booming - Experiment(top) and simulation(bottom). The two curves are
similar.
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Figure5.3: Targetmotion(top �gure), error in pixels for simulation(middle)andexperi-
mental(bottom).
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6: The Output Tracking RegulationController

6.1 Intr oduction

Output tracking regulation is 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 tracking

error (which is thedifferencebetweenreferenceandactualoutput)to beafunctionof time

which decaysto zeroastime tendsto in�nity . This is to be expectedfor every reference

outputandeveryundesireddisturbancerangingoverprespeci�edfamiliesof functions.

6.2 Theoretical Background

This sectionbrie�y presentssometheoreticalaspectsof theoutputtrackingregula-

tion problem.Thisproblemis discussedin detail in [23] [17].

Considerasystemmodelledby theequationsof theform

�x = f (x;w;u)

e= h(x;w) (6.1)

In 6.1, the�rst equationdescribesthedynamicsof theplant. Thestatex is de�ned

in a neighborhoodof theorigin of Rn andthecontrol input u 2 Rm. This systemis subject

to inputvariablesw 2 Rr . Thesecondequationin 6.1de�nestheerrore2 Rm expressedas

a functionof thestatex andinput w. Theobjective is to designa control law thatensures

thattheerroredecaysto zeroasthetime tendsto in�nity .

Two casesarepresentedin [17]. The�rst oneis whenthesetof measuredvariables

includesall thecomponentsof thestatex andof theinput w. In this caseit is saidthatthe

controlleris providedwith full information. Thesecondcasepresentsthesituationwhen

only thecomponentsof theerroreareavailablefor measurement.In thiscaseit is saidthat
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the controlleris provided with error feedback. In caseof full informationthe solutionis

ensuredby thetheorembelow.

Theorem. Thefull informationoutputtrackingregulationproblemis solvableif and

only if thepair (A, B) is stabilizableandthereexistsmappingsx = p(w) andu = c(w) with

p(0) = 0 andc(0) = 0, bothde�ned in a neighborhoodWo � W of theorigin, satisfying

theconditions

dp
dw

s(w) = f (p(w);w;c(w))

0 = h(p(w);w) (6.2)

for all w 2 Wo.

In [17] it is consideredthat the input w(t) is generatedby a “generator”according

to

�w = s(w) (6.3)

6.3 Designof the Output Tracking RegulationController

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

�x = Ax+ Pw+ Bu

�w = Sx

e= Cx+ Qw (6.4)

Theregulatorproblemis solvableif andonly if the linearmatrix equations6.5 are

solvedby P andG[17].

PS= AP + P+ BG
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Figure6.1: TheOutputTrackingRegulationControllerasit wasimplemented.

0 = CP + Q (6.5)

A regulatingcontrolcanthenbeconstructedas

u = Gw+ K(x� Pw) (6.6)

whereK is chosensothatthematrix (A+ BK) hasdesiredeigenvalues.Theseeigenvalues

determinethequalityof theresponse.Thecontrollerstructureis shown in Figure6.1.

A simpli�ed modelwasusedto designthis controller. This modelhasthetransfer

function

q(s)
Va(s)

=
0:01175

1:3s2 + 32s
(6.7)

wherethe output is the cameraanglemeasuredin degrees. In this case,the state

spacedescriptionof thesystemis givenby matricesA, B andC

A =

�
�
�
�
�
�
�

� 24:61 0

1 0

�
�
�
�
�
�
�

B =

�
�
�
�
�
�
�

0:0088

0

�
�
�
�
�
�
�
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Figure6.2: Thereferenceaswell astheoutputof thepan-tilt unit usingthenew controller.

C =

�
�
�
� 0 1

�
�
�
�

FromEquation6.5

P =

�
�
�
�
�
�
�

1 0

0 1

�
�
�
�
�
�
�

G=

�
�
�
� � 113:6 2796:6

�
�
�
�

ThematrixK was

K =

�
�
�
� � 10000 � 380

�
�
�
�

6.4 Output Tracking RegulationController: Simulation Results

Prior to implementation,thenew controllerwassimulatedusingMatlab-Simulink.

The simpli�ed cameramodel (Equation6.7) usedto designthis controllerwasusedfor

simulation. A sinusoidalreferencesignalcorrespondingto a frequency of 1 rad=secwas

appliedto thecontroller. Both thereferenceandtheoutputof thesystemwereplottedon

thesameaxesframe.Theplot canbeseenin Figure6.2.

Theoutputof theboom-camerasystemwassimulatedin Matlabusingthemodelde-

velopedin Chapter5 andthedatarecordedin Mitsubishirobotexperiment.Thesimulated
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Figure6.3: Thereferenceaswell astheoutputof thepan-tilt unit usingthenew controller.

trackingerrorcanbeseenin Figure6.3.

Theerroris closeto � 50 pixels but greater. This controllerwasimplemented.The

controllerwasaddedasa feedbackcompensatorto the feedforwardcontrol scheme.The

structurecanbeseenin Figure6.4.

6.5 Experimentsusing feedforward with OTR controller

6.5.1 Mitsubishi Robot Experiment

A coupleof experimentsweredesignedto assesstheperformanceof thiscontroller.

First, the systemtracked the target moved by the Mitsubishi robot. Again, the robotic

arm was instructedto sinusoidallymove the target. The frequency was approximately

0:08 Hz and the magnitudewas 0:5 m. The camerawas followed the target while an

operatorboomed.Boomingdataandtrackingerrorwererecorded.Theplotscanbeseen

in Figure6.5. In this �gure, the top plot representsthe target motion. The secondplot

shows the operatorbooming. The third plot is the horizontalerror whenusingthe OTR

controller.



57

Figure6.4: TheFeedforwardControllerwith theFeedbackCompensationasit wasimple-
mented.Theoutputof trackingregulationcontroller(OTR) is addedto thescheme.

6.5.2 Ball tracking Experiment

The output tracking regulationcontrollerwasaddedto the Visual C programfor

both axes. This controllerwas testedto track a ball moving betweentwo players. The

experimentwassetin thelab. Thetaskwasto tracktheball while booming.

The experimentwasvideotapedusing threecameras.Sequentialpicturescanbe

seenin Figure6.6.Thetoprow showsthecameratrackingtheball. Thesecondrow shows

theboomcamerapointof view. Thethird row shows theprogramworking.

It canbeseenthatthetargetis preciselydetectedandtracked.
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Figure6.5: The Mitsubishi experimentusingthe OTR controller. The �rst �gure shows
thetargetmoving. Thesecond�gure shows theboommotion. Thethird �gure shows the
trackingerror in caseof theoutputtrackingcontroller. The fourth �gure shows theerror
usingthefeeedforwardcontroller. It canbeseenthatby usingtheOTR controller, theerror
is lessthen� 50 pixels.
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Figure6.6: Ball trackingExperiment.
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7: ComparisonOperator + Vision SystemversusOperator Only

7.1 Intr oduction

The experimentsdescribedpreviously show that the systemsuccessfullytracksa

selectedtarget. In the peopletrackingexperiment,the camerawasableto track at much

higherboomingspeedsthanbefore(around5deg=sec).

Theball trackingexperimentshowsthatthetargetis well detectedevenwhile boom-

ing. Still, moreis needed.Thefollowing experimentstry to answerthequestions,“is this

systempreferredover an inexperiencedoperator?Or, is it preferredover an experienced

operator?”To answerthesequestions,two setsof experimentswereperformed.Thetarget

wasmovedby theMitsubishi robot. An experiencedandan inexperiencedoperatorwere

askedto trackthis targetwith andwithout thevisionsystem.In thecaseof manualmanip-

ulationof thecamera,a joystick wasused.Theprogramwasmodi�ed to move thePTU

accordingto thejoystick. In the�rst set,theboommotionwasnot restricted.

7.2 UnrestrictedBoomPath

Again, the Mitsubishi robotic arm wasused. The target wasattachedto its end-

effector. Therobotwasmoving thetarget in a verticalplanedescribinga trajectorycorre-

spondingto a �gure eight. An experiencedoperatoraswell asan inexperiencedoperator

were invited to handlethe boomandmanuallycoordinatethe camerato keepa moving

target in thecamera's �eld of view. Thetargetwasabout4m away from thecamera.The

maximumspeedof therobot's endeffectorwasabout0:2m=sec. Dataregardingtracking

wasrecorded.

Theexperimentwassetup in thelab. A top-view schematicof theexperimentcan

beseenin Figure7.1.
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target

robot

boom

camera robot
base

Figure7.1: ThesetupusingtheMitsubishiroboticarm(top view). Thetarget is movedin
averticalplane.Theis motionof theboomis not restricted.

7.2.1 InexperiencedOperator Without Vision

First, an inexperiencedoperatorhandledthe boomandmanuallymanipulatedthe

camera.Theexperimentwasvideotapedusingthreecameras.Severalpicturestakenfrom

theexperimentareshown in Figure7.2.

The �rst observation to be madeis that the target is often lost. Trackingsucha

motionby an inexperiencedoperatoris dif�cult. As the top row of Figure7.2 shows, the

boomis almostnot moving. By concentratingon trackingthetarget,theoperatordoesnot

move theboommuch.

7.2.2 InexperiencedOperator With Vision

Figure7.3 shows the imagesof an inexperiencedoperatortrackingan objectwith

the aid of the vision. It canbe seenthat the target is never lost. More so, the operator

concentratesonboomingwhile thevisionsystemtakescareof tracking.
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Figure 7.2: Inexperiencedoperatorwithout the vision system. The boom path was not
restricted.Thetargetwassometimeslost. Also, it canbeseenthattheoperatorconcentrates
onmoving thecameraratherthanonbooming.

Figure7.3: Inexperiencedoperatorwith the vision system. The boompathwasnot re-
stricted. The vision systemnever losesthe target. Also, it canbe seenthat the operator
movestheboom.
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Figure7.4: Experiencedoperatorwithout the vision system.The boompathwasnot re-
stricted.Thetargetwassometimeslost. Also, it canbeseenthat theoperatorrathercon-
centratesonmoving thecamerathanonbooming.

7.2.3 ExperiencedOperator Without Vision

An experiencedoperatorboomedthis time. Thepicturescanbeseenin Figure7.4.

It canbeseenthat,despitehis experience,therearemomentswhenthe target is lost. As

expected,theexperiencedoperatoris ableto trackthetargetbetterthentheinexperienced

one.Sameasbefore,theexperiencedoperatorconcentratesoncameratrackingratherthan

booming.

7.2.4 Conclusionin the Caseof UnrestrictedBoomPath

From the picturesequenceit canbe seenthat, despitehis experience,the experi-

encedoperatorlost the target just as the inexperiencedoperatordid. Still, this did not

happenasoften as the inexperiencedoperator, which lost the target many times. When

visionwasemployed,thetargetwaspreciselydetectedandtracked.

Theexperimentsshowedthatin thecaseof adif�cult trackingjob withouttheuseof
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Figure7.5: Theoperatorwill move thecameraalongthepath.He hasto avoid hitting the
objectsaswell.

vision, theoperatorsconcentratemoreon handlingthecamerathanon booming.Because

of this matter, theexperimentwith theexperiencedoperatorboomingwith vision wasnot

performed.

To force theoperatorto move theboom,in thenext setof experimentsa booming

pathwasset. Justasbefore,anexperiencedaswell asan inexperiencedoperatorhandled

theboomwith andwithoutvision.

7.3 RestrictedBoomPath

For thenext experiment,theboompathis restricted,meaningthattheoperatorhad

to follow a speci�c path. This path can be seenin Figure 7.5. Several positionswere

markedalongthispath.

Theexperimentwasvideotaped.Sequentialimagescanbeseenin Figures7.6,7.8,

7.11and7.13.Theimagesaretakenwhenthecamerais in oneof thepositionsmarkedin

Figure7.5.
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Again, theMitsubishi robotwasused. Its end-effectorwasinstructedto move the

targetona trajectorycorrespondingto a �gure “8” for about60seconds. Theoperatorwas

askedto boomalongthepathin thesameamountof time. An experiencedoperatoraswell

asa beginnerwereaskedto boomon a prede�nedpath.Eachoperatorboomedtwo times,

�rst usingthevisionsystemandthen,usingajoystick. Theobjectivewasto keepthetarget

in thecamera's �eld of view while boththetargetandboommove.

7.3.1 InexperiencedOperator Without Vision

As in thepreviousexperiment,�rst aninexperiencedoperatorhandledtheboomand

coordinatedthecamera.Theexperimentwasvideotapedusingthreecameras.A sequence

of imagescanbe seenin Figure7.6. The top row shows the boomin positions“2”, “3”,

“4” and“5” (seeFigure7.5). As before,themiddlerow shows theboomcamerapoint of

view. Thebottomrow showstheprogramtracking.It canbeseenthatsometimesthetarget

is lost. Whenthis happens,theprogramfocuseson someotherobjectsin the image.For

this reason,theerrorplot in thiscaseis irrelevant.

It canbeseenthat theoperatoris now forcedto boomon a speci�c path.Again, it

canbe seenthat the target wassometimeslost. Whenthis happens,the programfocuses

onsomethingelse,andtherefore,theerrorplot hasnorelevancein thiscase.Thebooming

plots are shown in Figure 7.7. It can be seenthat, despitethe fact that the operatoris

following the path,the handlingof the boomis not smoothin without vision. Thestates

“1”, “2”, “3”, “4” and“5” aremarkedon bothplots.They correspondto thestatesmarked

in Figure7.5.

7.3.2 InexperiencedOperator With Vision

The inexperiencedoperatorthenusedthe vision systemto track the sametarget.

Theoperatorhadto move theboomon thesamepathwhile thevisionsystemwastracked.

Theexperimentwasvideotapedusingthreecameras.A sequenceof imagescanbeseenin
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Figure7.6: Inexperiencedoperatorwithoutvisionsystem.Thetop row shows theboomin
positions“2”, “3”, “4” and“5” (seeFigure7.5). Themiddlerow, shows theboomcamera
point of view. Thebottomrow shows theprogramtracking.Theoperatoris ableto boom
alongthepath,but sometimesthetarget is lost. In this case,theprogramfocuseson other
objectsin theimage.
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Figure7.7: Boomtilt (top �gure) andpan(bottom�gure) anglein thecaseof aninexperi-
encedoperatorwithoutvision. It canbeseenthatboomingis not smooth.

Figure7.8.Thetoprow showstheboomin positions“2”, “3”, “4” and“5” (seeFigure7.5).

As before,themiddlerow shows theboomcamerapoint of view. Thebottomrow shows

theprogramtracking. It canbeseenthat the target is never lost. For this reasontheerror

plot in thiscaseis relevant.

Also, theerror in thehorizontaldirectionwasaround� 50 pixels (seeFigure7.9).

Moreso,theoutputregulationcontroller(which is implementedfor thepanmotion)main-

tainsthetargetverycloseto theimagecenter. Dueto theparallelogrammechanism,track-

ing regulationis mucheasieralongtheverticaldirection. Despitethis fact, it canbeseen

thatalongthehorizontaldirectionthetargetis muchcloserto theimagecenterin compar-

isonwith averticalline.

An interestingfactwasthatin thecaseof controllingboththeboomaswell andthe

camera,theoperatorneededmorethan60seconds.Thereasonis thatwhile controllingthe

camerahemovedtheboomslower.
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Figure7.8: Inexperiencedoperatorwith vision system.The target is never lost. The top
row shows theboomin positions“2”, “3”, “4” and“5” (seeFigure7.5). Themiddle row
shows theboomcamerapoint of view. Thebottomrow shows theprogramtracking. Wit
thehelpfrom vision,theoperatoris ableto boomalongthepathandthetargetis never lost.

Figure7.9: TheHorizontalTrackingErrorof Inexperiencedoperatorusingvision.
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Figure7.10: Boomtilt (top �gure) andpan(bottom�gure) anglein thecaseof inexperi-
encedoperatorwith vision. It canbeseenthatboomingis smootherthanwhennot using
vision (Figure7.7)).
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Figure7.11:Experiencedoperatorwithout vision. It canbeseenthatsometimesthetarget
is lost.

7.3.3 ExperiencedOperator Without Vision

As in thepreviousexperiment,anexperiencedoperatorhandledtheboomandco-

ordinatedthe camera.The experimentwasvideotapedusingthreecameras.A sequence

of imagescanbeseenin Figure7.11. Thetop row shows theboomin positions“2”, “3”,

“4” and“5” (seeFigure7.5). As before,themiddlerow shows theboomcamerapoint of

view. Thebottomrow showstheprogramtracking.It canbeseenthatsometimesthetarget

is lost. Whenthis happens,the programfocuseson otherobjectsin the image. For this

reason,theerrorplot in this caseis irrelevant. theboomingplotsareshown in Figure7.12.

It canbeseenthattheexperiencedoperatorboomedsmoothly.

7.3.4 ExperiencedOperator With Vision

Theexperiencedoperatorthenusedthevision systemto trackthesametarget. The

operatorhadto move the boomon the samepathwhile the vision systemwastracking.

The experimentwasvideotapedusingthreecameras.A sequenceof imagescanbe seen
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Figure7.12:Boomtilt (top�gure) andpan(bottom�gure) anglein caseof experiencedop-
eratorwithoutvision. It canbeseenthatboomingis smootherthenin caseof inexperienced
operatorwithoutvision.
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Figure7.13:Experiencedoperatorwith visionsystem.

Figure7.14:Experiencedoperatorusingvision. TheHorizontalTrackingError.

in Figures7.13. The top row shows the boom in positions“2”, “3”, “4” and “5” (see

Figure7.5). As before,themiddlerow shows theboomcamerapoint of view. Thebottom

row shows theprogramtracking.It canbeseenthatthetargetis never lost. For this reason

theerrorplot in thiscaseis relevant.

Also, theerrorin thehorizontaldirectionwasaround� 50 pixels (seeFigure7.14).

More sotheoutputregulationcontroller(which is implementedfor thepanmotion)main-

tainsthetargetverycloseto theimagecenter. Dueto theparallelogrammechanism,track-

ing regulationis mucheasieralongtheverticaldirection. Despitethis fact, it canbeseen
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Figure7.15: Boom tilt (top �gure) andpan(bottom�gure) anglein caseof experienced
operatorwith vision.

thatalongthehorizontaldirectionthetargetis muchcloserto theimagecenterin compar-

isonwith verticalline.

7.4 Experimentswith OTR controller implementedon both axis

To betterapproximatethevisionsystemperformance,theoutputtrackingregulation

controllerwasimplementedon Y directionaswell. Theexperimentwasperformedonce

again with both operators.In both casesvision systemwasused. Again, the Mitsubishi

robotis used.Its end-effectorwasinstructedto move thetargetona trajectorycorrespond-

ing to �gure “8” for about60 seconds. The operatorwasasked to boomalongthe path

in thesameamountof time. An experiencedoperatoranda beginnerwereaskedto boom

on a prede�nedpath. Eachoperatorboomedtwo times,�rst usingthevision systemand

then,thecamerawasrotatedby theoperatorusinga joystick. Theobjective wasto keep

thetargetin camera's �eld of view while both,targetandboommoves.
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Figure7.16: Inexperiencedoperatorwith vision system.It canbeseenthattarget is much
closerto theimagecenterin comparisonto any otherexperiment.

7.4.1 InexperiencedOperator

An inexperiencedoperatorhandedtheboom�rst. This experimentwasvideotaped

aswell. Sequentialimagescanbeseenin Figure7.16.Fromtheimages,it canbeseenthat

thetargetis very closeto theimagecenter. In this case,theerroris computedasa squared

sumof thehorizontalandverticalerrors.Theerrorplot is shown in Figure7.18(bottom).

7.4.2 ExperiencedOperator

An experiencedoperatorhandledthe boom secondtime. This experimentwas

videotapedaswell. Sequentialimagescanbeseenin Figure7.17.

Theabsoluteerror is shown in Figure7.18(top). Onecanseethat in this casethe

erroris in thesamerangewith theerrorobtainedwheninexperiencedoperatorhandledthe

boom.

Theboomanglescanbeseenin Figure7.19.
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Figure7.17: Experiencedoperatorwith vision system.It canbeseenthat target is much
closerto theimagecenterin comparisonto any otherexperiment.

Figure 7.18: Tracking error in caseof experiencedoperator(top) as well as in caseof
inexperiencedoperator(bottom). The boomingpathwas restricted. It canbe seenthat
thereis nodifferencebetweenerrorplots.
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Figure7.19: Boominganglesin caseof experiencedoperator(top) aswell as in caseof
inexperiencedoperator(bottom). The boomingpathwas restricted. It canbe seenthat
thereis notmuchof adifferencebetweenplots.

7.5 Conclusions

This chapterdescribessomeexperimentsdoneby both, experiencedand inexpe-

riencedoperatorsusingvision or manuallymanipulatethe PTU-camera.The target was

movedby aMitsubishiroboticarm. Its end-effectortrajectorywascorrespondingto �gure

“8”. Dataregardingboomingaswell as trackingerror wasrecordedin all experiments.

In caseof not vision, the target waslost a coupleof times. In caseof loosingthe target,

becausetheprogramfocusesonsomethingelse,thetrackingerroris not relevant.

Also, theuseof visionsystemde�nitely helpstheinexperiencedoperator(thetarget

waspreciselydetectedandtracked). More thenthat,usingthe vision system,an inexpe-

riencedoperatorcanachieve similar performanceasa skilled operator. The experiments

also,shows thattherearesituationswhenvision is helpful for askilledoperatoraswell.
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8: Conclusionsand Futur eWork

8.1 Conclusions

In chapter7 a setof experimentswasperformedto answerthequestionwetherthe

vision systemis a help for the operator. For this purpose,an inexperiencedas well as

an experiencedoperatorwereasked to move the arm. Vision proved to be a big help for

especiallyin caseof smallboomingexperience.

In thesituationdescribedin chapter7 theinexperiencedoperator, barelycouldtrack

the target. With vision the situationwascompletelydifferent. The target wasprecisely

detectedandtracked.

Despitethefactthatdueto its experiencethesecondoperatorwasableto trackthe

target. Still thereweresituationswhenthetargetwaslost. This wasnot happenedin case

of usingvision. So,at least,therearesituationswhencomputervision canhelp even an

experiencedoperator.

8.2 Futur eWork

Therestill is a lot of work until thissetupbecomesanoff-the-shelfproduct.Perhaps

thenext stepis to addzoomingto this program.Zoomingis helpful in situationswhenthe

systemis almostto loosethetarget. In this case,theprogramcanautomaticallycommand

zoomingout. After zoomingout, thetargetgetscloserto theimagecenter. Also its speed

is reduced.Whenever is possible,the programcanzoomback in. Todaycamerashave

whatis calledLANCProtocolwhichallows remotezoomingcontrol.Thiscommunication

protocolwasdevelopedby Sony. Usinganappropriatehardwarethecomputercanzoom

in or out.

The secondimprovementcan considermulti-target acquisitionbeforetracking is

launched.During tracking,targetswitchingis possible.Automaticaswell ashumancon-

troller switchingcanbe considered.In suchcase,at onemomentthe programcanstop
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Figure8.1: A boomfully actuated.Themotionis preciselyprescribedandrepeatable.

trackingonetargetandstarttrackinganotherone. This might beusefulin caseof having

moreactorsin thescene.

The third improvementcanconsiderseveral pre-implementedscenariosituations.

Automatedactuationof boomcanbe done. Using two electricmotors,the boomcanbe

preciselypannedandtilted. More thanthat,thesemotionscanbeprescribedandthey are

alsorepeatable.In the sametime, the boom's angularpositionandvelocity is precisely

known. Even more,the dolly canbe electricallyactuated.Sucha boom,canbe seenin

Figure8.1. It waspreprogrammedto �ll aglassof juice. A sequenceof imagescanbeseen

here.

Thefourth directionof improvementcanconsidertheboomitself. As theboomis

gimballedits top describeso spherein thespace.So,only circularmovescanbeconsid-

ered.Therearecertainsituationswhena linearcameramove is required.To achieve this

situation,theboomcanbemadeextensible.By panningup in thesametime asextending,

the cameracanbe madeto move linear with respectto the target. This type of motions

cannotbeachievedwith theactualstructure.

Anotherimprovementthatcanbedoneis to usea laptopinsteadof a desktop.The

only reasonfor this is that laptopshave a battery. If PTU motorscanbepoweredusinga

batteryaswell, thenthewholeensemblewill notneedpowernetwork outlets.
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