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ABSTRACT

We presenta visual servoing systemfor an amphibiousleggedrobot. That is, a

monocular-vision basedservoing mechanismthat enablesthe robot to track and follow

atargetbothunderwaterandontheground.Weusedthreedifferenttrackingalgorithmsto

trackandlocalizethetargetin theimage,with colorbeingthetrackedfeature.Trackingis

performedbasedontheobject'scolor, colordistributionandcolordistributionwith aprob-

abilistic kernel.Outputfrom thetracker is channeledto a proportional-integral-derivative

controller, which generatessteeringcommandsfor the robot controller. The robot con-

troller in turntakesthesteeringcommandsandgeneratesmotorcommandsfor thesix legs

of therobot.A largeclassof signi�cant applicationscanbeaddressedby allowing sucha

robotto follow adiveror someothermoving target.Thesystemhasbeenevaluatedin the

openwaterandundernaturallighting conditions,andhassuccessfullyperformedtracking

andfollowing of awidevarietyof targetobjects.
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ABRÉGÉ

Nousprésentonsunsyst�emed'asservissementvisuelpourunrobotamphibiemunide

jambes.Il s'agit d'un mécanismedevision monoculairequi permetau robotdedépister

etsuivreuneciblemouvantesousl'eau etsurla terre.Nousavonsutilisé troisalgorithmes

différentspourdépisteret localiserla cibledansl'image, la couleurétantla caract́eristique

examińee.Le trajet �asuivreestdétermińeparlescouleursdel'objet, la distributiondeces

couleurset la distribution descouleursavecun kernelprobabiliste.La sortiedu traqueur

estenvoyée�auncontr̂oleurdePID,qui gén�eredescommandesdirectives.Cescommandes

sonttransmisesaucontr̂oleurdurobot,qui relaiepoursapartdescommandesmotricesaux

six jambesdu robot. Permettre�a un tel robot de suivre un plongeurou unequelconque

autreciblemouvantepourraaider�asolutionnerdenombreusesapplicationssigni�catives.

Le syst�emeaét́e évaluéeneaulibre etdansdesconditionsd'éclairagenormales,etasuivi

avecsucc�esunegrandevariét́ed'objets-cibles.
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CHAPTER 1
Intr oduction

We describethe vision-basedservo control of a swimmingaquaticrobot. We have

developedanddeployeda swimmingrobotthatusesleggedmotionto swim andnavigate

underwaterandwhich dependson vision asits primarysensingmodality. While sonaris

thepredominantsensorusedby underwatervehicles,vision hasthepotentialto behighly

effectiveunderwaterasit is on land. In this thesis,we examinetheuseof visualfeedback

to accomplishnavigation tasksin an openwaterenvironment. This is accomplishedby

usingavisualfeedbackmechanismto modify theswimminggaitsof ourunderwaterrobot

as it follows a moving target. A large classof signi�cant applicationscanbe leveraged

by allowing sucha robotto follow a diveror someothermoving target. Performingthese

tasksunderwater is complicatedby the variablelighting andvisibility in the water. In

addition,theundulatingmotionof our vehicleandtheexogenouslydrivenmotionof the

vehiclein theopenseafurthercomplicatetheprocess.In thisthesiswedescribethesystem

architectureandapproachtovehiclecontrol,with discussionsof therelevanttheorybehind

theservoingmechanism.

Underwaterroboticsappearsto beanapplicationdomainof rapidly increasingsignif-

icance,rife with challengesof bothscienti�c andpragmaticimportance.While computer

vision hasmaturedenormouslyin the last few decades,the peculiaritiesof underwater

(sub-sea)vision have beenlargely ignored,presumablydueto theenormouslogistic and

pragmaticoverheadin examiningthem. It is akin to themannerin which thetopography
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andzoologyof thesub-seaenvironmenthasbeenignoredrelativeto theterrestrialanalogs.

In fact,visioncanbeasvaluableasensingmediumunderwater, andperhapsevenmoreso

thanon land. Simpleinspectionof marinafaunademonstratesthe ubiquity of eyes,and

otheropticalsensors,in themarineenvironmentandthussuggestsits potentialutility.

In ourapplicationweareparticularlyinterestedin trackingadiverasheswimseither

alongthe surfaceor underwaterusingscubaapparatus.In this casewe needa tracking

technologythatimposesaverylimited cognitiveloadonthedriver, whichoperatesdespite

variationsin lighting dueto refractive effectsand/orwaves,which is immuneto nearby

waveactionandwhichoperatesoveramoderaterangeof distances.

In our applications,vision hastheadvantageof beinga passivesensingmediumand

it is thusbothnon-intrusiveaswell asenergy ef�cient. Thesearebothimportantconsider-

ations(in contrastto sonar)in a rangeof applicationsrangingfrom environmentalassays

to securitysurveillance.Alternative sensingmediasuchassonaralsosuffer from several

de�ciencieswhichmakethemdif�cult to usefor trackingmoving targetsatcloserangein

potentiallyturbulentwater.

1.1 Problem Statement

Thetaskwewanttherobotto performis thatof following aparticularmoving object,

eitherarti�cial or natural,underwaterandin anopenwaterenvironment,thusachieving

somedegreeof autonomy.
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Figure1–1: AQUA visualservoinghardware.

The robot housesthreecameras,two in front andone in the back,ascanbe seen

from Fig. 1–1.Weuseacolor camerato trackthetargetandutilize thetrackingoutputto

controltherobot'strajectoryin aclosed-loopfashion.Werequirethattherobotfollowsthe

target's trajectoryascloselyaspossible.Therobotmustbeableto maintaintrackin spite

of changein lighting conditionsandstrongcurrentsandotherunderwaterforcesthataffect

its hydrodynamics.Onemightevenimaginetheneedfor therobotto re-acquirethetarget

in caseof presenceof falsetargetsor a temporaryfailurein tracking.Therobotshouldbe

trainedwith respectto thetarget (andits color properties)only once,andto rely only on

thatprior informationto track. We alsoseekto utilize theservoing systemto maneuver

therobot in waysthatwould not bepossibleby usinghumaninput alone. In view of the

real-timeoperatingconstraints,the entiremechanismof tracking,steeringfeedbackand

trajectorycontrolneedsto befastaswell asaccurate.Evaluatingtheperformanceof the

systemquantitatively is quite a challenge;neverthelesswe evaluatethe servoing system

3



in termsof thecorrectnessandef�ciency of their individualcomponents– thetrackerand

thePID controller. Performanceof thethreedifferenttrackingmethodsusedis discussed

in detail,andtheresponsivenessof thecontrollergiventhetrackingoutputis presentedas

well. This thesisfocusesmostly on the experimentalresults,with the theorybehindthe

differentapproachesbeingdiscussedto explain andjustify their relevance. Complexity

of the systemis discussedboth in termsof computationaswell asthe time requiredby

the robot to performthe commandsgeneratedby the system. The resultsof the open–

andclosed-watertrialsarepresentedto show thesuccessof thesystemandalsoto clearly

establishdirectionsfor futurework.

1.2 Approach

Ourapproachto servoing is two-fold: weusecolorcuesto detectandtrackthetarget

andusethe trackinginformationin a feedbackcontroller to generatecommandsfor the

robot's legs.Threedifferentapproachesareimplementedfor color tracking.In thiswork,

targetlocationis de�ned in imagespace,i.e. noposeestimationof thetargetis performed.

We do not estimatethe robot's poseeither, but that information is availablevia an on-

boardinertial measurementunit. The robot ”learns” the target color parametersat the

startof theservoing run. This tuningstepcanbeperformedbothon landor underwater,

and is performedonce. This is the only preprocessingstepin the entireprocess.The

trackingsubsystemdetectsthe target in the imagecoordinatesandpassesthemon to the

controller. Thecontrolleractsasalow-pass�lter . Weuseamanually-tunedPID controller

to eliminateoscillationsandincreasetheresponsivenessof thesystem.ThePID controller

hastwo controlloops,oneeachfor theyaw andpitchaxes.Theroll axisis notaffectedby

servoing. An outlineof themethodis asfollows:

4



� PreprocessingStage

i Thetracker is tunedby placingthetargetat thecenterof thecameraframe.

ii Thetargetcolorparametersareextracted.Dependingof thetrackerbeingused,

RGB thresholds,histogramsor histogramdistributionsaresaved.

� Tracking

i Thetargetis trackedusingoneof threefollowing approaches:

a Color Segmentor ”Blob” Tracking,whereimagesegmentationis applied

to localizethetarget.

b Color HistogramTracker, wherea modelcolor histogramof the target is

matchedto othercandidatehistogramsto detecttargetlocation.

c Kernel-basedFeatureTracker, wherewe usea radially symmetricmono-

tonically decreasingkernelto extract target features.Candidatelocations

aregeneratedby usingamean-shifttrackingmechanism.

� Control

i Thegoalof thecontrolleris to minimizeanerrorfunction,whichwede�ne as

theEuclideandistancebetweenthecentroidof thetargetandcenterof theim-

ageframe.At eachiteration,pitch andyaw commandsaregeneratedwith the

aim of reducingthis error function. Thegainsdescribedbelow aremanually-

tuned.

a TheproportionalgainK p contributesto theerrorcorrectionamountsince

it is multipliedwith theerrorsignal(hencethenameproportionalgain).

b Theintegral gainK i contributesto theerrorcorrectionamountsinceit is

multipliedwith theerroraccumulatedoveraperiodof time.

5



c ThederivativegainK d contributesto theerrorcorrectionamountsinceit

is multipliedwith thederivativeof errorsignal.

ii The pitch andyaw commandsaresentto the robot gait controller. The gait

controllergeneratescommandsfor therobot'ssix legsandachievesthedesired

changein motion.

Theloopcontinues,with everychangein thetarget'spositiongeneratinga(possible)

changein therobot'spose.Figures1–2and1–3show outlinesof theentireprocess.

1.3 Applications

Evenmundaneactivitiesunderwaterposeproblemsfor humansin termsof logistics,

cost,ef�ciency andsafety. As such,underwaterenvironmentsrepresenta substantialarea

in which roboticscanmake a naturalcontribution. A rangeof applicationscanbeidenti-

�ed for whichsimpleinspectionevenin moderatelyshallow watercanproveuseful.These

applicationsincludeunderwatersearchandrescue,coralhealthmonitoring,monitoringof

underwater establishments(e.g. oil pipelines,communicationcables)and many more.

Speci�cally, we are interestedin environmentalassessmenttasksin which visual mea-

surementsof a marineecosystemmustbe takenon a regularbasis.While automatically

selectingregionsof interestis beyondthescopeof presenttechnologies,oncea biologist

identi�es areasof interestwe believea robotmaybecapableof collectingsupplementary

dataor evenindependentlyexecutinginspectiontours.It is in this context thatthepresent

work is framed.
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1.4 Outline

This thesisdiscussesanapproachto visualservoing anunderwaterleggedrobot.We

discusstheoreticalandpracticalaspectsof thiswork andtheproblemin general.In Chap-

ter 2, previous work in the areaand individual problemsassociatedwith servoing are

discussed,with an emphasisto thosethat relateto this particularwork. We describethe

overall systemarchitecturein Chapter3. Chapters4 discussestrackingalgorithmsand

controlmethods.Theimplementationdetailsof thetrackingandcontrolsystemsaredis-

cussedin Chapter5. We presentsomeexperimentalresultsobtainedfrom thesystemas

a whole,aswell astheperformanceresultsfrom thetrackersusedin Chapter6. We con-

cludein Chapter7 by discussingtheresults,andalsoidentifyingareasfor improvementin

futurework.
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CHAPTER 2
PreviousWork

Thischaptersurveyspastwork in the�eld of visualservoingandunderwaterrobotics.

Visual servoing is a complex task, involving a multitudeof otherdisciplines;computer

vision, imageprocessing,controlandtrackingbeingtheprimaryones.Visual trackingis

animportantmainstayof servoing,andwediscussseveraldifferenttrackingmethodsused

in the�eld. For anembeddedplatformlikeAQUA, real-timeperformanceis of paramount

importance,thereforewe keepthe focuson algorithmsthat have performedreasonably

well within limited time and computationalresources. In the end, we discussAQUA

visualservoingsoftwarearchitectureto puteverythingtogetherandcompareit with some

othersoftwarearchitecturesusedin realrobotsover theyears.

2.1 Visual Tracking

In computervision,visualtrackingis theprocessof repeatedlydetectinga featureor

setsof featuresin a sequenceof input images.Choosingfeaturesto trackcanbea com-

plicatedproblem,sincenoisein thesensor(i.e. camera),lighting andvisibility changes,

refractionandappearanceof multiple similar objectsin the imageframe,amongothers,

cancreateunforeseenproblems.Sincetrackingis primarily anonline,real-timeapplica-

tion of vision,a trackingalgorithmmustbefast,aswell asaccurate.A tracker alsoneeds

to berobust,sothateffectsof falsetargetsandocclusionsareminimized.

Choosinga featureto track is an importantstepin trackingalgorithmdesign,asal-

readystatedabove. Over the years,a large amountof work hasbeendoneon tracking
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algorithmsthat track featuresrangingfrom shapeandmotion to color andgrayscalein-

tensities.The following areexamplesof approachesthathave beenprovento work best

amongthesealgorithms.

Techmer[43] usesobjectcontourstodetectmotionandhencetracktargets.Freedman

andBrandstein[13] haveinvestigateddetectingobjectcontoursin clutteredenvironments.

IsardandBlake [23, 24] introducedthe”condensation”or ConditionalDensityPropaga-

tion algorithmfor stochasticallytrackingcurvesor contourshapesin aclutter. This is also

known asTrackingusingParticleFilters. Trackingcontoursusuallyinvolvesan iterative

schemethat convergesto theshapebeingtracked aftera �nite numberof iterations,and

usesa probabilisticapproachto converge to the bestsolutionat the instant. While they

canbequiteaccurate,contourtrackersrely heavily onaclearview of thetargetthatshows

objectboundariesdistinctly comparedto thebackground.

Trackingobjectsby their color hasbeenextensively studiedin thepast. Color blob

trackingis oneof thesimplestapproaches.Color-basedsegmentationor ”blobs” havebeen

appliedtonotonly trackingbutalsoobjectrecognition[19] andimageretrieval [18]. Color

blob trackerssegmentout sectionsof theimagethatmatcha thresholdlevel for thegiven

target[25]andbasedon thesegmentationoutput,trackstheshape,sizeor centroidof the

blob,amongotherfeatures.Thecolor spacechosenfor segmentationhasa major impact

on theperformanceof thealgorithm. A detaileddiscussionof differentcolor spacesand

their impacton trackingcanbefoundin [27]. WediscusstheRGBandHSV color spaces

brie�y in Chapter4, sincethesetwo spacesareusedin ourapproach.

Colorhistogramsareameasureof colordistributionoveranimage,andaren-dimensional

histogramsover a neighborhood.The rangeof the possiblecolor valuesdependson the
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color spaceusedin the histogramalgorithm. The possiblecolor rangesaresubdivided

into adiscretenumberof 'buckets' or 'bins'. Eachbin holdsthenumberof pixelsthathas

color valueswhich fall betweenthe upperandlower limit of the bin. An imageandits

corresponding32-binhistogramis shown in Fig. 2–1.

(a)SampleColor Image (b) SampleColorHistogram

Figure2–1: Samplecolor imagewith its colorhistogram.

Color histogramshave beenappliedin color-basedimageretrieval applicationsand

video indexing [14] by matchinghistogramsof the sourceimagewith candidateimages

in a database.Swain andBallard [39] demonstratethe useof histogramsin their land-

mark paper. The sameconceptof histogrammatchinghasbeenusedin detectingand

trackingtargetsin computervision. RubnerandTomasi[37] discussdifferentapproaches

to histogrambasedimageretrieval, with a focuson a variety of methodsfor measuring

distancesbetweenhistograms.In their work, they introducea measurecalledthe Earth
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Mover'sDistanceor EMD for histogramsimilarity measurement.Othermeasuresfor his-

togramdistancesexists andarewidely usedfor histogrammatching. We discussmore

aboutthesedifferentmethodsin Chapter4.

Someof theabovemethodsof trackingarecombinedwith statisticalmethodsto pro-

vide moreaccurateresults,albeitat thecostof increasedprocessingtime. Particle �lters

andKalman�lters arewidely usedstatisticalapproachesto tracking. In recentwork, the

mean-shiftprocess[6] hasbeensuccessfullyusedfor trackingin conjunctionwith color

cues. Mean-shifttrackingalgorithmsattemptto maximizethe statisticalcorrelationbe-

tweentwo distributions.wherethecorrelationbetweenthetwo distributionsaremeasured

using the BhattacharyyaDistance[44]. Statisticaldistributions can be built using any

characteristicdiscriminatingto a particularobjectof interest.A generalmodelmight use

color, or textureor includeboth.Zivkovic andothers[48] haveusedmachinelearningap-

proacheswith colorhistogramsfor targettracking.Xu etal. [47] discussesa robustmean

shift trackingalgorithmby applyingfastcolor thresholding.A moredetaileddiscussion

aboutmean-shifttrackingandsimilarity measurescanbefoundin Chapter4.

2.2 Control

For every changein thetarget's position,a correspondingchangein therobotspose

may or may not be required. Respondingto every changein trackingoutputwill result

in a very unstableandill-behaving robot. Thus,a mechanismis requiredfor relatingthe

changesin target position to changesin actuatorinput in a stableand smoothmanner.

Control theoryde�nes thelaws by which this canbeachieved. To achieve stablecontrol,

the output of a systemis relatedto the input via a TransferFunction. In Open-Loop

Systems, theinput to thesystemdoesnot rely on any feedbackfrom theoutput,asshown
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in Fig. 2–2. In Closed-LoopSystems, theinput of thesystemdependson thecurrentstate

of theoutputaswell asthenew input; i.e. thesystemreliesonfeedbackof theoutput.An

outlineof aclosed-loopcontrolsystemis shown in Fig. 2–3.A brief tutorialon thebasics

of control theorycanbefound in [34]. In Chapter4, we brie�y de�ne someconceptsof

controltheorythatrelatesto thiswork.

Controller Plant
OutputInput

Figure2–2: Open-loopcontrol.

Controller System

Feedback

Input Output

+

+

Figure2–3: Closed-loopcontrol.

2.3 Visual Servoing

A substantialamountof work hasbeendoneon visualservoing over thepast�fteen

years.Hutchinson,Corke andHager's seminalpaper[22] outlinesmany of themethods

usedin practicetodayaswell asthebasicfoundationsof servoing. Thispaperis anexcel-

lent tutorialonvisualservo controlmethodsfor roboticmanipulators.Theauthorsclassify
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servo methodsbasedon the hierarchyof the control systemandthe domainof the error

signal.Basedoncontrolhierarchy, servo systemsareof two classes;namely, directvisual

servo anddynamiclook-and-move systems.In dynamiclook-and-move, a hierarchical

controlsystemusesvision to to provide set-pointinputsto thejoint-level controllerto in-

ternallystabilizethesystem.In directvisualservoing,a visualservo controllercomputes

joint inputsdirectlyinsteadof anintermediatejoint controller. Again,basedonthedomain

of errorsignals(i.e. if its is in imageor taskspace), theservo systemscanbeclassi�edas

position-basedservo andimage-basedservoing systems.In image-basedsystems,control

valuesarecomputedfrom the featuresin the imagesdirectly, whereasin position-based

servo, imagefeaturesandgeometricmodelof thetargetis usedto generatecontrolvalues.

A variety of approacheshasbeenadoptedfor visual servoing in the recentpast.

Cowan andKoditschek[8] show that visual servoing canbe approachedasa robot nav-

igationproblem. Hagerdiscussestheuseof stereovision for robust positioningin [20].

Planningcameramotion is an importantaspectof visual servoing, speciallyin image-

basedservoing sincetarget locationsarespeci�ed in imagecoordinates.An image-based

servo mechanismhasto take into accountissueslikemaintainingthetarget in the�eld of

view andobstacleavoidance,amongothers,A treatmentof suchissuescanbe found in

MarchandandHager[32].

2.4 Underwater Robotics

Underwaterroboticsresearchhasbeenoneof themorechallengingdomainsof robotics

science.Theunderwaterdomainposescertainuniquechallengesthat rendera lot of the

principlesof terrestrialroboticsproblematic.An underwaterrobothassix degreesof free-

dom, andmaneuvering with six degreesof freedomcreatesseriouscomplications.The
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threeaxesof control for the AQUA robot canbe seenin Fig. 2–4. A computationally

straightforward task of posemaintenanceon land becomesfar morechallengingunder

water, becauseof strongcurrentsin marineenvironments.Infra-redsensorslosesomeof

their effectivenessin wateraswell. Wirelessradio communicationsarealsoimpossible

over a large distancein watercomparedto groundbasedcontrol. All theseissuesmake

underwaterroboticsproblemsmoredif�cult thanterrestrialrobotics. To a degree,inter-

planetaryspaceroversliketheMarsroversSpirit andOpportunity[28] facealessdaunting

computationaltaskthananunderwaterautonomousvehicle.

In spiteof all the hindrances,substantialprogresshasbeenmadein designingthe

hardwareandalgorithmsfor underwaterrobots,andmuchof the researchis directedin

creatinganautonomousunderwatervehicle(AUV) for operator-independentexploration

of underwaterenvironments.Roboticsresearchershave takena numberof approachesin

creatingunderwater robots. The traditionalapproachto propelunderseavehiclesis by

usingpropellersor thrusters.Althoughsimpleby design,thesevehicleslack themaneu-

verability andagility seenin �sh andothermarinespecies.For anAUV, ef�cient energy

consumptionis critical, andthrustersarenot anenergy ef�cient approachto stationkeep-

ing underwater[16]. Among otherefforts to properunderwatervehicles,the RoboTuna

projectat MassachusettsInstituteof Technology(MIT) is well known. The RoboTuna

project[42] attemptedto createa �sh-lik e underwatervehicle,with a propulsionsystem

mimickingthosefoundin �sh, hencecreatinganexampleof BiomemeticRoboticsapplied

in underwaterenvironments.Figure2–5showstheRoboTunashellandtheskeleton.

The MIT Sea-GrantProgramhasan extensive programto createnew underwater

platformsfor deepoceanexplorations,includingAUVs. The�apping-foil �sh robot [29]
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AQUA: Top View

AQUA: Side View

Yaw

Pitch

AQUA: Front View Roll

Figure2–4: AQUA pitch-roll-yaw axes.

is an exampleof an experimental,high-maneuverability robot createdby the Tow Tank

LabundertheSeaGrantProject.
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Figure2–5: TheMIT RoboTunaunderwaterrobot. c
 MIT RoboTunaproject.

Vision in underwaterenvironmentsis an attractive sensingplatform,dueto its pas-

sive andunobtrusive features;but it hasbeenexaminedrarely dueto the complications

involved. Oneof the newer applicationsof vision sensorsis in SimultaneousLocaliza-

tion andMappingor SLAM problems,which is referredto asVisual-SLAM or VSLAM

[9]. Underwatervehicleshave a potentialto beusedfor underwaterterrainmappingand

surveying, andapplyingVSLAM methodsis an attractive approach.VSLAM hasbeen

appliedto mapunderwaterreefenvironmentsat theGreatBarrierReefin Australia[46].

Another notableuseof vision for mappingis the inspectionof the wreckageof HMS

Titanic[11], wherevisual datawas bolsteredwith information from an inertial sensor,

therebyincreasingreliability of theVSLAM process.Apart from mapping,vision-based

vehiclenavigationandstationkeepinghavealsobeenattempted.HamelandMahony[21]

useanimage-basedapproachfor visualservoingan”eye-in-hand”robotcon�gurationun-

derwater. An approachto underwaterstationkeepingusingvisualservoing canbefound
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in [30], wherefeaturepoint extraction from unmarked objectsareusedto maintainthe

robot'sposeandstationunderwater.

2.5 Robot Software Ar chitectures

Most robotsin existencetodayaremadeup of complex hardwarearchitectures,con-

trolled by somewhat equally complex systemsof software [7], that provide the robot

with low- andhigh-level behaviors andcommands.Traditionally, eachrobotor family of

robotshave beenoperatedby a particularsoftwaresystemarchitecture,insteadof having

agenericarchitecturesuitablefor all robots.Two andthreelayersof softwareabstractions

[15] areseenin roboticssystems.Thesoftwaresystemis dictatedby thehardwarearchi-

tectureandthedemandsof real-timeoperation,which a genericarchitectureis unableto

provide. This is evident in several robotarchitecturesseencommerciallyor in academic

andscienti�c projects.We discussa few of themoreprominentrobotarchitecturesin the

subsectionsbelow.

2.5.1 Higher-level Ar chitectures

Oneof theearliestworksin robotsoftwarearchitecturewasBrooks'Subsumptionar-

chitecture[5] wheremultiple layersof controlcancoexist, with higherpriority behaviors

'subsuming'or takingoverlowerpriority tasksatdifferentlayers.A relatedarchitectureto

Subsumptionis Parker'sALLIANCE [36], afault-tolerantarchitecturedesignedfor multi-

robot cooperation.The SAPHIRA architecture[26] is a client-server architectureaimed

at achieving autonomousbehavior andcapableof interfacingwith visualandspeechsen-

sors,mappingandtask-basedoperation.Architectureslike theCAMPOUT [35] (Control

Architecturefor Multi-robot PlanetaryOutposts)andCLARAty[45] (CoupledLayerAr-

chitecturefor RoboticAutonomy)havebeendevelopedwith multi-robotexplorationbeing
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theprimaryconcern.Thesetwo architecturesweredevelopedby NASA asa controlsys-

temfor their interplanetaryrovers,whichhavedifferenthardwarearchitectures.

2.5.2 Dual-modeAr chitectures: Simulators and Operators

Certainsoftwaretoolshavebeendevelopedto work asbothasimulationplatformand

a robot interfacethroughrobotsoftware”drivers”. Thesetoolkits allow for softwaresim-

ulationof new conceptsandalgorithms,aswell asdriving realrobotsinsteadof thesimu-

lator justby replacingthe'back-end'with theproperrobothardwareinterfacecode.Tools

like Player/Stage/Gazebo[17] andthe Carnegie Mellon Navigation Toolkit (CARMEN)

[33] fall underthis category. The RoboDaemonpackage[10] providesan interfacefor

point-and-clickrobotnavigationfor realandsimulatedrobots,aswell asanAPI for pro-

gramminghigherlevel behaviorsfor realrobots.It is apartof theMcGill Mobile Robotics

Architecture(MMRA) package.TheORCAsuiteis oneof thenewerdual-modesoftware

packagesto appearin the �eld. Developedat the Royal Institute Technologyin Swe-

den,Universityof Technologyat Sydney andThe AustralianCentrefor Field Robotics,

ORCA[4] is anopen-sourceframework for creatingcomponentbasedroboticsystems,and

is closelyrelatedto thePlayer/Stage/Gazeboarchitecture.

2.5.3 Low-Level Operational Software

Low level softwarearchitecturesprovide the lower levels of robot control, without

sophisticatedbehaviors. TheRoboDevel[38] library is anexampleof sucha system.Ro-

boDevel (formerly known asRHexLib) is theoperatinglibrary for theRHex[1] family of

hexapodrobots. The library is written in C++ andhasmethodcalls for directly access-

ing the robot's actuatorsandotherhardware. RoboDevel implementsinter-processand
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inter-modulecommunicationby maintainingacentraldatabaseor ”blackboard”whereall

modulesstoreinformationthatareconsideredpublic.

In the next chapter, we discussthe systemarchitectureof theAQUA robot in some

details. We presentthe RoboDevel software systemand software control of AQUA in

greaterdetail in Chapters3 and5.
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CHAPTER 3
SystemAr chitecture

We describein this chaptertheoverall hardwareandsoftwaresystemslayoutput in

placefor visualservoing with theAQUA robot. Thehardwaredesignof theAQUA robot

is introduced,with emphasison the electronicsratherthanthe mechanicaldesign. The

softwarefor visually guidingAQUA is split into two logically differentsections:onefor

visual trackingof the target andgeneratingrobot commands,the other for taking those

commandsandtransformingthemto actuatorcommands.We describebothsoftwaresys-

temsin detail.

3.1 The AQUA Robot

The AQUA robot [16] is designedasan aquaticswimmingrobot that is capableof

operatingboth on land aswell asunderwater. A direct descendantof the RHex hexa-

podrobot [1], AQUA wasbuilt with underwaterapplicationsin mind, oneof which was

monitoringof marinelife (i.e. coral reef, �sh population). The robot hasa waterproof

aluminumshell insidewhich the electronicsandsensorsarehoused.Figure3–1 shows

theAQUA robotunderwater, on landandon snow, demonstratingits ability to operatein

differentenvironmentsanddifferentterrainconditions.

3.1.1 Hardware

Propulsion

TheAQUA robotusessix legsor paddlesto swimunderwateror walk on theground.

Theselegsgivetherobottheability to turnsideways(yaw), changedepth(pitch)androtate
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(a)On land (b) Onsnow

(c) Underwater

Figure3–1: AQUA in differentenvironments.
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onitshorizontalaxis(roll). Thereis onlyoneactuatorperleg,signi�cantly reducingpower

requiredfor operatingthe legs. For our purposes,eachleg hasthreemain controllable

parametersassociatedwith it: leg amplitude, offsetandphase. Theamplitudeparameter

governsthe distancethe legs sweepalong the sphericalarchduring eachcycle. Offset

dictatesthe relative startingorientationof the legs to eachotherat the beginning of the

cycle. Direction of the leg motion is controlledby the phaseparametersof eachleg.

Thelegsgeneratethrustby moving accordingto presetgaits. Gaitsarea combinationof

leg parametersthat generatea �x ed motion for a �x ed setof parameters.Dependingon

whethertherobotisswimmingorwalking,thereareseveraldifferenttable-drivengaitsthat

canbeusedto drive therobot forward. Dif ferentgaitshave differentpower consumption

rates,andalsoeffect thestabilityof therobotin differentways.For operationon landand

in water, differentsetsof legsareusuallyused,althougha new compliantdesignis being

testedthatcanbeusedequallywell in bothenvironments.

Sensing

AQUA is primarily asubmergedvisionplatform,with threecamerasbeingtheprinci-

pal sensingdeviceson therobot. An Inertial MeasurementUnit (IMU) hasbeeninstalled

on boardfor orientationandaccelerationsensing.Two camerasaremountedin thefront

andonein theback.Oneof thefront camerasis aIEEE1394(akaFireWire) digital camera

from PointGrey Researchconformingto theIndustrialandInstrumentationDigital Cam-

era(IIDC) standard,andit interfaceswith the vision processorfor visual servoing. The

othertwo camerasareanalog,andprovide streamingvideo for remoteoperatorcontrol.

Thereareinternalsensorsfor monitoringthe currentstateof robot health;theseinclude

batterypowerandpowerconsumptionlevelsfor theleg motors.
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Power

AQUA is a self-sustainingrobot,poweredinternallyby two NiMH batteries.These

batteriescanpower therobotcontinuouslyfor over threeanda half hours.

Computing

AQUA hastwo computerson board,one for gait control and the other for vision-

relatedprocessing.Both computersareof the PC104/Plusform factor, dueto the space

restrictionsinside the robot. Thesetwo computers,along with the additionalport and

interfacecircuit boardsstackedon top of eachother, connectvia the ISA andPCI buses.

As such,thesewill be referredto as the control stack andvision stack throughoutthis

dissertation.

Thecontrolstackhasa PentiumIII processor, 256MB of RAM anda 256MB Com-

pactFlashcard for secondarystorage. Due to its real-timerequirements,It runson the

QNX real-timeoperatingsystem(RTOS). The control stackis tasked with controlling

robotmotionby manipulatingtheleg actuatorsin real-time.

Thevision stackis responsiblefor processingvisualdata.Currentlyit is beingused

for visual servoing only, but future goalsareto usethis processorfor underwaterstereo

algorithmsandVSLAM with AQUA. It is poweredby a Intel Pentium-Mprocessorwith

a maximumclock speedof 1.4 GHz. The boardhas2MB of on-chip cachememory

and1GB of RAM, which contributesto fastervision processing.A 512MB Compact-

Flashcardis beingusedassecondarystorage.We areusinga custom-built versionof the

Linux operatingsystemon thevision stack.Theservoing codeexecutesunderthis envi-

ronment. Taking advantageof advancedpower managementfeaturesof the Pentium-M

processor, wedesignedthevisionstackoperatingenvironmentto becapableof scalingthe
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CPUclock frequency to preserve batterypower. This particularmodelof thePentium-M

processorcanbe scaledfrom 1.4GHzdown to 150MHz. During idle periods,the CPU

slowly scalesdown to the lowestclock setting,but jumpsto the highestspeedinstantly

on-demand.A PC104/PlusFireWire interfaceboardenablesthevision stackto interface

with theFireWire cameras.

Both the control andvision stackshave on-boardserialandEthernetports. These

portsareusedfor theIMU andcommunicationbetweenthestacks,respectively. Power to

theboardsaresuppliedusinga custom-designedhardwarecontrollerboardknown asthe

RHIO card(RHex Input/Output).

Communication

Thereareseveralcommunicationchannelsin theAQUA robot.Communicationfrom

thecamerato thevisionprocessoris overtheFireWire bus,asalreadystatedin theprevious

section. The vision stackcommunicateswith the control stackvia the Ethernetports,

utilizing theUDP protocol. Outputsfrom the two analogcameras,IMU readings.robot

controlandloggeddataarecommunicatedfrom therobot to theoperatorplatformon the

surfaceover a �ber optic tether. The Operator Control Unit (OCU) is connectedto this

�ber andprovidestheoperatorwith thevisualdatarequiredfor teleoperation.

A cut-awaysectionof therobotwith interiorcomponentsareshown in Fig. 3–2.The

hardwareandsoftwaresystemsareexplainedin detail in thefollowing two subsections.

3.1.2 Software

The taskof visually guiding the AQUA robot is a two stagesoftwareprocess.The

�rst stageis performedin thevision stack,wherethetarget is trackedandrobotpitch and

yaw commandsaregenerated.Thesecondstageacceptstheseyaw andpitch commands
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Figure3–2: AQUA hardwarecomponents.

andgeneratesleg actuatorcommandsthat actuallyenablesthe robot to performthe re-

questedmaneuver. In both stages,the softwareis written in C++, with the emphasison

smallfootprintandfast-executingbinariessuitablefor anembeddedsystem.Thesoftware

systemof thesetwo stagesarediscussedin thefollowing two sections.

Visual Servoing Software

Thevisionsoftwarebasedonanopen-sourcevisionlibrarycalledVXL (Vision“some-

thing” Libraries)1 . VXL is a suiteof packagesdesignedfor creatingef�cient andfast

programsfor computervision relatedapplications.VXL includeslibrariesfor numerical

1 www.sourceforge.net/projects/vxl
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algorithms,imageprocessing,coordinatesystems,camerageometry, stereo,video ma-

nipulation,structurerecovery from motion,probabilitymodelling,GUI design,classi�ca-

tion, robustestimation,featuretracking,topology, structuremanipulationand3d imaging,

amongothers. VXL alsoprovidessystem-independenttoolkits for cross-compilercom-

patibility.

We lookedat creatinga modular, extensiblesoftwarebasesothatenhancementsand

integrationof advancedfeaturesin thefuturewouldbesigni�cantly easier. Theobjectin-

heritancecapabilitiesof theC++programminglanguageprovideduswith toolsfor achiev-

ing thatgoal. Froma functionalpoint of view, thecodebaseis madeup of visualization

anduser-interfacecodefor developmentandtestingof algorithmsof�ine, off the robot.

A subsetof thatcodeis compiledandinstalledinto the robotbeforeactualvisual servo-

ing runs. This modelallows for shorterdevelop-test-deploy cycles. Screenshotsof the

trackingtestbedrunningwith full graphicaluserinterfacecanbeseenin Fig. 3–3.

Moredetailsaboutthevisualservoingsoftwareandexperimentalsetupwill begiven

in chapters5 and6.

Control Software

Control of robot motion is supervisedby coderunning in the control stack. In all

robotsderived from the original RHex, control softwareis written usinga library called

RHexLib (RHex Library). As thenumberof RHex derivedrobotsincreased,theRHexLib

library grew into a packageof robot-independentand robot-dependentcode,with code

speci�c to eachrobot having their separatespace,unrelatedto other robot codes. This

packageis known astheRoboDevel suite.AQUA controlcodehasbeenderivedfrom the
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(a)Main Interface (b) TheTrackerControlMenu

Figure3–3: Screenshotsof theVGUITrackerapplication.

RHex codebase,but a large numberof enhancementsaswell asnewer innovationshave

beenmadein theAQUA codethatdistinguishit from theoriginalRHex software.

Thestructureof controlcodein AQUA is similar to aclient-serverarchitecture,with

therobotrunningtheRoboDevel “supervisor” code,andtherobotcontrolmachinerun-

ning the“operator” code.RoboDevel alsocomeswith a simulatorfor RHex robotvisu-

alization,calledSimSect.In casewherethe real robot is beingoperated,the supervisor

communicatesat a very low-level to therobothardware;legs, inertial sensorsandhealth

monitors.Theoperatorcommunicateswith thesupervisorusinga point-to-pointprotocol

over a serial link that runs throughthe �ber optic tether. A full-featuredgraphicaluser

interfaceis availableat the operatorterminalfor easyaccessto all the robot control pa-

rametersaswell ashealthandsystemmonitors.ThecontrolGUI canalsobeoperatedvia

a wirelessgamepadto assisttherobotdriver. A screenshotof theGUI duringa simulated
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underwateroperationof therobotis shown in Fig. 3–4below. Notethedisplaysfor visual

servoingcommandsin themiddle,theIMU readingsandcontrolson topandthegaitcon-

trols at thebottomright, amongotherthings. Thedrawing of the robot to theright is an

outputfrom SimSect,via theGeomview2 tool.

Figure3–4: AQUA operatorgraphicaluserinterface.

The robot supervisorand the visual servoing software communicatevia the UDP

protocol,usingacustomcommunicationclass.Communicationbetweenthetwo software

2 http://www.geomview.org
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Figure3–5: Vision commanddatastructure.

modulesareuni-directional,with theservoingsoftwaresendingpitch,yaw andspeedcom-

mandsto the robot supervisor. The structureof the vision commandpacket is shown in

Fig. 3–5.

We optedfor the the UDP protocol, sincefor TCP connections,thereis an added

overheadof connectionsetup,becauseof its state-orientednature. UDP, on the other

hand,is statelessandprovidesnoguaranteeof packetdelivery, but atahighrateof packet

transmissionover a shortdistance,thereis virtually no packet loss. Our applicationis

robust enoughto remainstablein casea packet or two fails to reachthe control stack.

The vision stackcommandpacketsaresentat the rateeachframeis processedfrom the

camera.We currentlyusea rateof 15 frames/secondfrom theFireWire camera.

The diagramin Fig. 3–6shows a UML classdiagramfor thesoftwarecomponents

residingin the vision stackthat performstrackingandrobot commandgeneration.The

completesoftwarearchitectureis demonstratedin Chapter5, in Fig. 5–6.

3.1.3 The SystemEnvir onment

For thevision stackwe did not requirehardreal-timecapabilities,hencea custom-

tailoredversionof theLinux OperatingSystemis usedastheenvironmentfor thevisual
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servoing code.We built theOSfrom thesource,compilingall thebinariesfor the target

PC104/Plusplatformto optimizeruntimeperformanceandreducesizeof theexecutables.

Somesalientfeaturesof thisOSarelistedbelow.

� Storage: The storagemediumis a 512 megabyteCompactFlashcard, with very

little power requirementascomparedto micro-sizeharddrives. The resistanceto

shockimpactandvibrationis alsofargreaterfor CompactFlashcards( 2000G's for

CF against12G's for MicroDrives). The downsideis the limited numberof write

cyclesthatcanbeperformedonaCompactFlashcard.To extendtheworking life of

theCF card,we storedall thetemporarysystemlogsandcache�les on RAM disks

createdduringtheLinux bootup.Theentirestoragespacewaspartitionedinto two

sections;oneread-onlyfor theoperatingsystemof roughly100MB andtheother

around400MB,for storingimagesandvideofrom theFireWire camera.

� Kernel A monolithickernel(version2.6.11,latestat thetimeof theexperiments)is

used,with all device driversandmodulesbuilt right into the kernel,to reducethe

latency in activatingdevices.This increasedthekernelsize,but reductionof module

�les andotherunnecessarycomponentsmorethancompensatedfor thatincrease.

� Startup Toensureafastandresponsivesystemstartup,westartaverysmallnumber

of services(or daemons),The boot partition is mountedread-only, so we disable

�le systemchecksat thestartup.All systemlogsandtemporary�les arestoredin

the memory, in temporaryRAM Disks , which allows us to usea read-onlyboot

partition.

� Network ThevisionstackusesEthernetconnectiontocommunicatewith thecontrol

stack,which is setupwith a staticIP address.We alsohave provisionsfor Ethernet
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overFireWire, whichenablestheuseof EthernetprotocoloveraFireWire link. The

visionstackalsosupportsbothSSHandTelnetconnectionsfor remotelogins.

In thenext chapter, we discussthetrackingalgorithmswe usedin our problem.The

theorybehindeachof thesealgorithmsareexplained,aswell astheadvantagesanddisad-

vantagesof eachmethod,asrelevantto ourapplication.Theapplicationof thesemethods

in theAQUA visualservoingapplicationis discussedin detail in Chapter5.
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Figure3–6: Visualservoingsoftwarestructure.
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CHAPTER 4
Visual Tracking and Control

We discussthetheorybehindthetrackingmethodsusedin our work in this chapter.

All ourtrackingalgorithmsarebasedoncolorcues;hencewefocusoncolorspaceandim-

pactsof lighting oncolor. Thethreetrackingmethodsusedhaveincreasingcomputational

costandcomplexity. We justify theneedfor usingthreetrackingmethodsandpoint out

theadvantagesanddisadvantagesof each.Thechapterconcludeswith a comparativedis-

cussionof thethreeapproaches.Implementationdetailsfor thesetrackingalgorithmsare

explainedthoroughlyin thefollowing chapter. Webegin, however, with ashortdiscussion

of thephysicsof light in underwaterenvironment.

4.1 Underwater Light and Vision

In underwaterenvironments,illumination dependson depth,refraction,scatterand

absorptionof thewatermedium.Of all thesunlightreachingthesurface,only 18%reaches

a depthof 18 meters,and1% reaches100meters[41]. Themostimportantreasonfor re-

ducedvisibility underwateris thesmalldifferencebetweenrefractiveindicesof thehuman

eyeandthewatermedium.Onair, refractionindex of light is almostcloseto 1,andthatof

thehumaneye is 1.38.Thisdifferenceis suf�cient to form imageson theretina.In water,

therefractive index is 1.34,reducingthedifferencegreatlyandformingimagesfarbeyond

theretina.Diverstendto usemasksor gogglesto form a layerof air betweentheeye and

thewateroutsideto ensurevisibility is nothampereddueto this lackof refraction.
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Thethreephenomenoneffectinglight underwaterarebrie�y describedbelow, andare

illustratedin Fig. 4–1.

� Refraction : Refractionis theeffect which causeslight raysto bendwhile passing

from one mediumto another. This effect happenswhen light passesfrom water

to the cameraor humaneye underwater. Refractioncanchangethe perceptionof

distanceof objectsunderwater, makingobjectsappearat three-fourthsthedistance

than they actuallyare. At greaterdistancethis effect might be reversed;causing

objectsto appearfurther away thanthey are. The moreturbid the water, the less

thedistanceatwhich thiseffector over- or underestimationof distancecanhappen.

Again, when light passesfrom air into the water throughthe surface, the water

causesrays to enterat variousanglesdue to waves, and also throughthe water

columndueto variablelevelsof salinity.

� Scatter : Scatteroccurswhenindividual photonsof light arede�ectedor diverted

whenthey encountersuspendedparticlesin thewater. Althoughscatteringalsooc-

cursin air, it is of muchgreaterconcernunderwaterbecauselight is diffusedand

scatterednotonly by thewatermoleculesthemselves,but alsoby all kindsof partic-

ulatematterheldin suspensionin thewater, andby transparentbiologicalorganisms.

Normally, scatterinterfereswith vision becauseit reducesthecontrastbetweenthe

objectandits background,which is why vision is somuchmorerestrictedin water

thanin air; for thesamereasonevenlargeobjectscanbeinvisible at shortviewing

distances.Evenmoreproblematicis thefact that this scatteringcanbewavelength

dependentandnon-uniform,affectingtransmissionof colorhues.In addition,acuity

or perceptionof smalldetailsis generallymuchpoorerin waterthanin air, despite
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the fact that theoptical imageof anobjectunderwateris magni�ed by refraction.

The deteriorationincreasesgreatlywith the distancethe light travels throughthe

water, largely becausetheimage-forminglight is furtherinterferedwith asit passes

throughthenearlytransparentbodiesof thebiomass,which is composedof organ-

ismsrangingfrom bacteriato jelly�sh.

� Absorption : Light is absorbedasit passesthroughthewater, andmuchof it is lost

in the process.In addition,the spectralcomponentsof light, the wavelengthsthat

giverisetoourperceptionof color, aredifferentiallyabsorbed.Transmissionof light

throughair doesnot appreciablychangeits spectralcomposition,but transmitting

light throughwater, eventhroughtheclearestwater, does,andthis canchangethe

resultingcolorappearancebeyondrecognition.In clearestwater, longwavelengthor

redlight is lost �rst, beingabsorbedat relatively shallow depths.Orangeis �ltered

outnext, followedby yellow, green,andthenblue.Otherwaters,particularlycoastal

waters,containsilt, decomposingplant and animal material,and planktonand a

variety of possiblepollutants,which add their speci�c absorptionsto that of the

water.

4.2 The Visible Color Space

Usingcolor featuresin visualtrackingis anattractiveoptionbecauseof its simplicity

and robustnessunderpartial occlusion,depthand scalechanges. Tracking color cues

helpsone avoid using complicatedand computationallyexpensive featuretrackers that

may well be infeasiblein real-timeapplications.In spiteof the apparentadvantagesof

color tracking,thereexistssomesigni�cant problemsthatneedto beaddressedto design

a robustandaccuratecolor tracker. Thebiggestproblemexisting with color cuesis color
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Figure4–1: Phenomenaeffectinglight underwater.

constancy [12]. Color constancy is de�ned asthe removal of color biasdueto effect of

illumination. Issueslikeshadows,changein illuminationandcameracharacteristicseffect

thephenomenonof color constancy. Keepingin mind thereal-timeperformancedemands

fromthetracker, weseekarobustandef�cient representationof theobjectcolors,resulting

in fasterandaccuratecomputation.

In thefollowing subsection,we �rst describetheRGB color space,which is a basic

color spacewidely usedto representcolor imagesin imageprocessingsystems.Weshow

thepropertiesof theRGB spaceandtheshortcomings,which in�uenced our decisionto

moveto themorerobustHSV colorspacefor our trackingapplications.Bothcolorspaces

arepresentedbrie�y , asa precursorto understandingtheapplicationof thethreetracking

algorithmsweusedin AQUA.
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4.2.1 RGB Color Space

TheRed-Green-Blueor theRGB color spacerepresentsthebasicapproachin repre-

sentingcolor digitally. The RGB spaceusesa Cartesiancoordinatesystemandforms a

unit cubeasshown in Fig. 4–2.
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black

YC

M
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G

Figure4–2: TheRGBcolor space.

Eachcornerof thecubelying on anaxis representsthepoint wherethecolor repre-

sentedby theaxis is maximum,with othercolorsabsent.Theorigin representsblack,as

all coloramountsarezero.Thediagonalemanatingfrom theorigin to thetop-rightcorner

of thecube(representingwhite) is the locusof pointswith equalamountsof eachcolor.

This is alsoreferredto asthegray diagonal. Viewed from top, with thewhite-cornerin

thecenter, thecubeontheleft canbeseenasa two-dimensionalequilateralhexagon,with

thewhite-corneroverlayingtheblack.
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4.2.2 HSV Color Space

TheHue-Saturation-Valueor HSV modelwassuggestedto capturetheartistic ideas

of hue,tint, shadeandtone. Also referredto asthehexconemodel,asshown in Fig. 4–

3,theHSV modeluseshue,saturationandvalueor brightnessasthethreedimensionsfor

describingcolor, insteadof RGBvalues.
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Figure4–3: TheHSV colorspace.

Brie�y , hueis thedimensiononwhich theprincipalcolorpointslie. Saturationmea-

suresthedistanceof a color point from thewhite or grayvalue,alsoknown astheachro-

matic. Value,on theotherhand,measuresthedistanceof color from thecolorblack.

TherelationshipbetweentheRGB modelandtheHSV modelcanbeseenfrom �g-

ures4–2and4–3.Theorthogonalprojectionof thetopsurfaceof theRGBcubealongthe
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graydiagonalfrom whiteto bluecorrespondsto aplanein theHSV hexconewith constant

V.

4.3 Color Blob Tracking

The simplestapproachto color basedtrackingis usinga segmentationalgorithmto

detectobjectsof interestusingtheir color features.Theoutputof thesegmentationalgo-

rithm is (possiblydisconnected)regionsin a binaryimagethatmatchthecolor properties

beingtracked.Theseregionsaretermed'blobs', andhencetheapproachis known ascolor

blob tracking.We attemptto form theseblobsthrougha thresholdingprocess.By thresh-

olding, we refer to the operationwherepixels are turned'on' if andonly if their color

valuesfall within acertainrangeandturned'of f ' otherwise.

Thebasiccolor blob tracker is a straightforwardalgorithm.Thetracker is initialized

with the target's color properties;in caseof the RGB space,the tracker hasto be aware

of the red, greenandblue color valuesof the tracked object. Next, sequentialscanning

is performedon the image,pixel-by-pixel. The pixel falling within the thresholdof the

colorvaluesof thetargetareturnedon in theoutputimage,andotherpixelsareturnedoff.

Figure4–4 below shows the segmentationoutputof trackinga red object. The target is

framedby ayellow rectanglefor clarity.

The tracker wastunedbeforehandto the red rectangulartarget in Fig. 4–4(a). The

segmentationproducedtheimagein Fig. 4–4(b).Thetrackingalgorithmdetectsthisblob

in thebinary imagein every frame,andcalculatesits centroid. This centroidis takenas

thenew target location.This processiteratesover every frame,andthetarget is localized

in theimageframe.

40



(a)Trackingred (b) Segmentedoutputshowing theblob

Figure4–4: A colorblob tracker trackinga red-coloredobject.

Theobviousdownsideto usinga naive color blob tracker asexplainedabove, is the

presenceof duplicatetargets.For example,in Fig. 4–4(a)above, if any otherredcolored

objectappearsin thescene,thesegmentationprocesswill generateanotherblob for that

object. This secondblob will effect thecalculationof thecenterof massfor the tracker;

theeffect will bemoreprominentif thetwo generatedblobsaredisconnected;i.e. further

away in theimageframe.Therefore,thetracker worksonly accuratelywhenthereareno

similarly-coloredobjectin thecamera's �eld-of-view.

Severalapproachesto addressthis problemhave beensuggested.Oneway to avoid

tracker confusionin thepresenceof duplicateobjectsis to useshapecuesto identify the

properobject. This, of courseworks only whenthe 'f alse' target is of a differentshape

from the 'real' one. Also, incorporatingshapedetectionis a computationallyexpensive

process,andshapetrackerscanbeconfusedby lighting variations,andlock on thewrong

target.
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Anotherwayof makingaablobtrackermorerobustis to useastatisticalapproachto

choosetheproperblobto track,for exampleby usingMonte-Carlobasedmethodslikethe

ParticleFilter. Particle�lters have beenextensively usedin computervision andtracking

applications,�rst introducedastheCondensationalgorithmby IsardandBlake [23]. The

Condensationalgorithmworkswell with contoursandblob-trackers,but it is an iterative

process,whichwould increasecomputationalloadsigni�cantly.

In the following subsectionwe look at a morerobust approachthanthenaive color

blob tracker, which appliescolordistributionmatchinginsteadof asinglecolor range.

4.4 Color Histogram-basedTracking

A color histogramrepresentsthedistribution of color in an imageor a region of an

image.Color histogramsareusefulfor characterizingthecolor contentof a givenimage

or imagesub-window, andhave beenappliedfor imageretrieval applicationsaswell as

videoindexing andlookup. Formally, a histogramhi is a mappingfrom a d-dimensional

integervectori to thesetof non-negativereals.Thesevectorscanbethoughtof as'bins';

eachbin representthecenterof a region in a �x edpartitioningof theunderlyingfeature

space.For a grayscaleimage,thehistogramis onedimensional,i.e d = 1. Similarly for a

color imagerepresentedusingtheRGB space,thehistogramwould be3 dimensional.In

bothcases,thesetof possiblecolor valuesfor eachdimensionis split up into N equally-

spacedpartitions.hi containsthenumberof pixelsthathascolorvalueswhichfall between

the interval speci�ed by the index i . Computationally, the color histogramis formedby

discretizingthecolorswithin animageandcountingthenumberof pixelsof eachcolor.

Thesize(andnumber)of the binsandthe rangeof valuesthehistogramcountsare

importantparameterssincethesecontroltheeffectivenessof thehistogramin representing
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the color distribution of the underlyingspace.A coarsehistogramhaslessernumberof

binsthana �ne histogram. Coarsehistogramsarenot a goodchoicewhentheunderlying

imagehasa multitudeof hues.On theotherhand,for an imagewith a few colors,a �ne

histogramwould be an over-representation,andwould also lead to wasteof storageas

mostof thebinswouldbeempty.

Thecolor histogramtracker worksasfollows. First, a histogramof the target to be

tracked is created.This histogramis storedas the target modelhistogram. This is the

preprocessingstage.During thetrackingstage,every incomingframefrom thecamerais

divided into rectangularregionsandtheir histogramsarecalculated.Thesimilaritiesbe-

tweenthenew candidatehistogramandthetargetmodelhistogramis calculatedfollowing

oneof severalpossibledistancemeasures(to bediscussedbelow). Thesubwindow with

thehighestmatchis chosenastheprobablesubwindow containingthetarget.Thepattern

of scanningtheimagefor thetargetcanbedonesequentially,or in a spiralpatternstarting

from thelocationof targetfoundin thepreviousframe.Dependingon theapplication,the

sizeandshapeof thesubwindow canalsobemadeto changedynamically, althoughthat

makesthetracker computationallyslightly expensive.

The following sequencesof imagesin Fig. 4–6shows theoperationof a histogram

tracker. The target to be tracked is the show in Fig. 4–6(a). A one-dimensionalcolor

histogramof thetargetis shown in Fig. 4–6(d).

Figure4–5shows the trackingstage,with �x edsizesubwindows andsequentialre-

gion search. The window wherethe tracker detectsthe target is shown in Fig. 4–6(b)

andits histogramis in Fig. 4–6(e). A subwindow not containingthe targetandits color
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Figure4–5: Rectangularsearchwindows.

histogramareshown in Figures4–6(c)and4–6(f) respectively, for comparisonwith the

targethistogramshown in Fig. 4–6(d).

4.4.1 Measuring Similarity betweenhistograms

At theheartof thehistogram-basedtracker lies thesimilarity measurementmetricfor

comparingtwo histograms.The similarity measureis a function of the two histograms

thatreturnsascalarvalueindicatingtheamountof similarity betweenthetwo histograms.

Basedon the way the bins arecompared,thesemeasuresareof two fundamentaltypes.

Oneapproachis to only comparecorrespondingbinsin thetwo histograms,in a 'bin-by-

bin' fashion. The othermethoddoesnot limit the comparisonbetweensimilar bins in

the two histograms,but extendsthe comparisonin a 'cross-bin' approach.We discussa

few of themeasuresavailableamongmany; theonesdiscussedhave beenusedon board

the AQUA robot for visual trackingwith color histograms.Oneimportantpoint to note
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(a)A Targetregion (b) Selectedtarget re-
gion

(c) Region without
target

(d) Targetregionhistogram (e)Selectedtargetregionhistogram

(f) Non-targetregionhistogram

Figure4–6: Comparisonbetweenhistogramsof differentsubwindows in aninput frame.
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is amongthe similarity measuresdiscussed,thereis not one which is clearly superior;

instead,we stressthe fact that theselectionof themeasureis very muchapplicationde-

pendant.

The following subsectionsdiscussthe issueof measuringsimilaritiesbetweentwo

histogramsH andK , bothhaving thesamenumberof bins,N . Thesemeasurementsonly

comparethecorrespondingbinsof bothhistograms;i.e. they comparehi andkj for i = j ,

wherehi andkj arethei -th binsof histogramsH andK respectively..

Histogram Intersection Measure

Thehistogramintersectionsimilarity measurementis calculatedusingthefollowing

formula:

d\ (H; K ) = 1 �
P

i min (hi ; ki )
P

i ki
(4.1)

Thismeasurementhasbeenprovenusefulin comparinghistogramsof differentsizes[37].

The � 2 (Chi-Squared) Measure

The� 2 (chi-squared)metricis ameasurementof theprobabilitythatonedistribution

wasdrawn from theother. The� 2 measureis calculatedby:

d� 2 (H; K ) = 1 �
X

i

(hi � mi )2

mi
(4.2)

where,

mi =
hi + ki

2

The� 2 metricdoesnot permit thedatain theunderlyingdistributionsto bepercentages;

they mustbe raw data. Also, the measuredvalueshave to be independentandobserved

frequenciesmustnotbetoosmall.

46



The Bhattacharyya DistanceMeasure

The Bhattacharyyacoef�cient hasa direct geometricinterpretationwith respectto

two distributions; for two m-dimensionalunit vectorsp andq, it is equalto the cosine

of theanglebetweenthem. The Bhattacharyyadistancebetweentwo histogramscanbe

foundusingthefollowing expression:

� B hattachar yya(H; K ) =
mX

i =1

q
ki hi (4.3)

Jeffrey's Divergence

Jeffrey's Divergencehasbeenderived from the Kullback-Leibler(K-L) divergence.

TheKL divergencemeasureis aninformationtheoreticmeasurethatcanbeinterpretedas

the inef�ciency of transformingonedistribution to theotherusinga codebook. TheKL

measure,however is sensitiveto quantizationeffectsin thehistogramcomputation(i.e bin

size).Jeffrey's divergenceis anempiricallyderiveddivergencethat is numericallystable,

insensitive to histogrambinning andalsorobust in the presenceof noise. The Jeffrey's

divergencemeasureof similarity is calculatedasfollows:

� J (H; K ) = 1 �
mX

u=1

(hi log
hi

mi
+ ki log

ki

mi
) (4.4)

where

mi =
hi + ki

2
(4.5)
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4.5 Mean-shift Tracking

Mean-shifttrackingperformsvisualtrackingby attemptingto maximizethecorrela-

tion betweentwo statisticaldistributions.Thecorrelationbetweenthetwo distributionsis

expressedasa measurementderived from theBhattacharyyacoef�cient describedin the

precedingsection.Mean-shifttrackershave beenusedto trackobjectsbasedon color or

texture,by building astatisticaldistributionof thefeaturebeingtracked.We introducethe

basicconceptsbehindmean-shifttrackingin thenext paragraphs.

For any densityfunction,themean�x of a setof samplesx tendto bebiasedtowards

a local mode,i.e. a local maxima.Themean-shift vector, �x � x pointstowardsthis local

maxima. Basedon this mean-shiftproperty, tracking is performedas describedin the

following steps:

I A probabilitydistribution modelof the target T is built, basedon color, textureor

any otherfeature.We call this modelp. This modelis overlayedwith an isotropic

kernelwith aconvex andmonotonicallydecreasingkernelpro�le. Thisstepassigns

weightsto eachpixel in the target region, with centerpixels having moreweights

thanthoseontheperiphery. Thisdistributionof weightsincreasesrobustnessagainst

occlusion,sincethepixelson theboundarydonothave largeweightsassigned.

II Startingfrom the previous locationk0 of the target, a new modelof the target is

generatedat the samelocation. This candidatemodelat locationk0 we denoteas

q(k0).

III Theweights,asdescribedin stepI, arecalculated.asdescribedin stepI

IV The new location k1 of the target is calculatedrecursively, using the mean-shift

procedure.
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V If the shift amountbetweenthe new andold locationsis smallerthanan arbitrary

small constant� , the algorithmstops. Otherwise,we assignk0  k1 anditerate

from stepIII.

4.6 A Comparison

Eachof thethreetrackersin thesystemhavedesirablefeatures,aswell assomepoten-

tials caveats,aswewill discussin detailin Chapter6. Thecolorblob tracker is inherently

simple,easyto implement,andhasa runningtime directly proportionalto theframesize.

This runningtime emergesfrom theneedto rasterscantheimagepixel-by-pixel to check

for color matcheswith the target object. For a high frame-rateanda large framesize,

thecomputationalcostsincreasesigni�cantly, althoughwe have usedmediumresolution

(i.e. 640� 480) sizeframesat15 frames/secondto keepthecomputationaloverheadlow.

Intensitynormalizationof theinput framealsoreducestheeffectof lighting changes.The

appearanceof a similar-coloredobjectin the camera�eld of view canconfusethecolor

blob tracker.

The color histogramtracker, unlike the blob tracker, is suitablefor trackingmulti-

huedobjects.We use�x edbin sizesfor histograms,andcomparethe target region with

�x ed sizewindowedregionsin the image. The advantageof the histogramtracker over

thecolor blob tracker is in theability to tracka varietyof coloredobjects,bothmulti and

singlecolored.Thealgorithmalsohasa runtimeproportionalto theframesize.

Weusenormalizedhistogramsfor ourapplication,whichreducestheeffectof bright-

nesschangeson color matching.Thetracker is morerobustto trackingin thepresenceof

multiple objects,sincetwo objectshasto have the samedistribution of color to confuse

thetracker. Thecomputationalcost,althoughlinear, is signi�cantly morethanthatof the
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Table4–1: Trackercomparisontable.

Tracker Computational
Cost

TargetColorProperties Effectof Lighting
Variations

ColorBlob Low Singlecoloronly Moderate

ColorHistogram Moderate SingleandWiderangeof col-
ors

Moderate

MeanShift High SingleandWiderangeof col-
ors

Low

color blob tracker. This cost is incurreddue to the computationof color histogramsof

every rectangularregionwescanfor theoccurrenceof theobject.

The mean-shifttracker is the mostcomputationallyexpensive of the threetrackers.

It is alsothe mostrobust. The mean-shiftvectortrackschangesin underlyingcolor dis-

tribution andfollows thetarget in successive frames.Theprocessis localized,in a small

region of the image,andno rasterscanof the imageis performed. However, the color

distributionof thetargetandcandidateregionshaveto becomputed,asis theirprobability

densityfunctions.Thesecomputationsincreasetheoverall runningtimefor thealgorithm.

On the otherhand,the mean-shifttracker is morerobust to changesin lighting andap-

pearanceof duplicateobjectsin theframe.Wehave foundthis tracker to work well under

partialocclusionandclutteredenvironmentsaswell. Wediscusstheperformancesof each

in detail in Chapter6.

Table4–1presentsasummaryof thethreetrackingalgorithms,comparingthedegree

of maindesirableandundesirablefeatures.
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4.7 Preliminary Control Theory

Thissectionintroducesseveralkey conceptsrelatingto ControlTheory. Controlthe-

ory dealswith the behavior of dynamicalsystemsover time, i.e. systemsthat change

propertiesover time. Whenoneor moreoutputvariablesof a systemrequiresto be set

at a certainvalue,theControllerattemptsto manipulatethe input of thesystemto adjust

theoutputto thedesiredvalue. Visual servoing of theAQUA robotquali�es thesystem

asa dynamicsystem,sincecontinuousvisual trackingof a targetattemptsto control the

motionof therobot.Wepresentsomefundamentalde�nitions to aid understandingof the

controlprocessof theAQUA visualservoing system.A coupleof thefollowing sections

brie�y discuss�lters andPID control,with relevanceto thecurrentwork.

4.7.1 De�nitions

Wepresentsomede�nitions to begin thechapter. Thesearecommontermsin Control

Theory literature,and are only presentedhere to familiarize the readerwith the basic

concepts.

C P
e

f

s i o

Figure4–7: A simplefeedbackloop.

� TheReferenceVariable is the�nal outputvariableof thesystem.

� ThePlant is thesystembeingcontrolled.

� TheController is responsiblefor manipulatingthePlant.
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� The Setpoint is the target valueof the referencevariablewhich the controllerat-

temptsto maintainatall times.

� In Open-LoopControl , theControllerhasnofeedbackfromthePlantasit attempts

to control the referencevariables. Open-loopsystemshave no sensitivity to the

dynamicsof thesystembeingcontrolled.

� In Closed-LoopControl , the problemof the Open-loopcontrol describedabove

is reducedby introducingfeedbackfrom thePlantoutput. TheControllerreceives

as input both the referencevalue s and the output feedbackf . It measuresthe

differencebetweenthe referenceandcurrentoutputastheerrore andchangesthe

input i to thePlantaccordingly, asshown in Fig. 4–7.

� Stability refersto the fact that for any bounded(i.e �nite) input to the Plant,the

outputof the Plantis alsobounded.Stability is essentialfor a well-controlleddy-

namicalsystem.This is alsoreferredto astheBounded-Input-Bounded-Outputor

BIBOstability.

4.7.2 Proportional-Integral-Deri vativeControl

A Proportional-Integral-Derivative (or PID) Controller is a standardclosed-loop

control that tries to control oneor more referencevariableof a plant by ”sensing” the

outputatagiventimeandadjustingtheplantinput accordingly. Theerrorsignalat time t

is thedifferencebetweenthesetpointandtheoutputof thesystemat timet. Thecontroller

treatstheerror signalwith threedifferentmultiplicationconstantsor gains,asdescribed

below, justi�es its name.

a TheProportional Gain, K P is a negative term,which is multiplied with theerror

signalandthe result is sentto the output. The proportionalgain dictatesthe band
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overwhich theoutputof thecontrolleris proportionalto theerrorsignal.This gain

is responsiblefor makingthecontrollerreactto thecurrentvalueof theerrorsignal.

b The Integral Gain, K I is multiplied with the integral of the error signal over a

(usuallyshort)periodof time,andaddedto theproportionaloutput.K I denotesthe

steadystateerrorof thesystem,andattemptsto removeerrorsthathavepersistedin

thesystemoveraperiodof time.

c The Derivative Gain, K D is usedto adjustthe responseof the controller to the

changesin thesystem.Therateof changeof theerrorsignal(i.e. �rst derivative) is

multiplied with K D andaddedto thesumof thetwo outputsabove. Thelarger the

derivativegain,thefasterthecontrollerrespondsto changesin theplant.

Equation4.6below shows theform of aPID controller.

Output = K P � t + K I

Z
� tdt + K D

@
@t

� t (4.6)

Here,� t is thetime-averagederrorsignalvalueat time t.

4.7.3 PID Controller Tuning

Tuningof a PID controllerrefersto �nding thevaluesfor theproportional,integral

anddifferentialgains.Dependingon whetherthesystemcanbetakenof�ine or not, there

areseveralstandardapproachesto tuningaPID controlloop. In oneapproach,thesystem

taken of�ine and is subjectedto stepchanges in input and the output is measuredasa

function of time. The responseof the systemis usedto �nd the optimal value of the

parameters.If, on theotherhand,thesystemcannotbetakenof�ine, thevaluesof K I and

K D canbe setto zeroandthe valueof K P is increaseduntil the output loop oscillates.

At this point, K P is �x ed and then K I is adjustedto stop or substantiallyreducethe
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oscillation. Finally, the derivative gain K D is usedto reducethe responsetime of the

system.

4.7.4 PID Controller Issues

In theory, a PID controller is robust and easyto tune for controlling a dynamical

system.In practice,thealgorithmsuffersfrom afew drawbacks,whicharisefrom thereal-

life imperfectionsof the systemsbeingcontrolled,themodelandenvironmentalfactors.

Onecommonproblema PID loop suffers from is the delay in getting the outputof the

systemto ramp up to the desiredsetpoint. This is referredto as the Integral Windup

phenomenon.Usinga largeinitial valuefor thedifferentialgainor preloadingthesystem

with acertainoutputvaluesometimescanreducethiseffect.

A frequentlychangingcontrolleroutput is not alwaysdesirable,asit might leadto

mechanicalwearor unstablevehiclecontrol.A deadbandvalueis introducedin PID con-

trollersto preventthecontrollerfrom respondingto smallchangesin theplantoutput.The

deadbandde�nes therangeof changein outputfor which thecontrollerwill not respond

atall. In effect, thisallows thecontrollerto respondto majorchangesin systemoutput.

Thedifferentialgaincancausethecontrollerto changeits outputby alargeamountin

thepresenceof asmallamountof noisein thesystem.Passingthemeasurementsthrough

a low-pass�lter helpsreducetheeffectof noisein measuredvalues.In somesystems,the

differentialgainis not usedatall, resultingin a PI controlloop.

4.7.5 Filters

Frequency domain�lters are usedin signal processingto block signalsof certain

frequenciesfrom passingthrough. A certaintype of �lter allows only a certainbandof

signalsto pass,e.g. low-pass�lters only allow componentswith low frequency to pass
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through,blockinghigh frequency signals.Filterscanbeanalogor digital, dependingon

theapplicationdomain.Digital �lters canbeusedto implementany mathematical�ltering

applicationthatcanbeexpressedasanalgorithm.Weconstrainour focusto digital �lters

in this section.

4.7.6 In�nite-Impulse ResponseFilters

In�nite-ImpulseResponse�lters aredigital counterpartsof analog�lters. Whensub-

jectedto an impulsefunction, IIR �lters producea responsewhich is non-zeroover an

in�nite time period. IIR �lters usefeedbackfrom theoutputto createa form of recursive

�ltering thatresultsin anunendingimpulseresponse.Theresponseis eitherexponentially

decaying,growing or sinusoidal.

Thenext Chapterintroducesthetheorybehindvisualservoinganddescribesthesys-

tem implementationspeci�cs in details. The tracker andcontroller implementationsas

well asthesystemsenvironmentcomponentsareexplainedin greaterdetail.
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CHAPTER 5
Visual Servoing SystemImplementation

This chapterdescribesthe implementationdetailsof the visual servoing systemin

AQUA. We discussin detail the tracker implementations,control loop designand the

entiresystemwith thecommunicationbetweenthevision andcontrolstacks.TheLinux

operatingenvironmentfor thevision codewasbuilt from thescratchfor fasterexecution

times and small memoryrequirements.Salient featuresof the Linux environmentare

describedin this chapteraswell.

5.1 Visual Servoing

Visionis anexcellentsensingmediumfor roboticapplicationsdueto its passiveprop-

ertyandvery little powerrequirement.In a realtimeroboticsystem,visioncanbeapplied

to provide a closed-loopcontrol of the robotmanipulatoror theentirerobotasa whole.

In context to our work, Visual Servoingrefersto the taskof controlling the robot's pose

by using feedbackfrom a vision sensor. Visual servoing hasbeenusedextensively in

themanufacturingindustry[31, 2] aswell asvision-assistedvehiclecontrol. Hutchinson,

HagerandCorke [22] hasan extensive discussionaboutthe theoriesbehindvisual ser-

voing andtheclassi�cationof visualservoing methods.Basedon whetherthetrackingis

performedin imageor taskspace,andthehierarchyof controlmechanism,visualservoing

approachescanbeclassi�edin four majorcategories.Figure5–1shows themajorclasses

of visualservoingapproachesasmentionedin [22].
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Visual Servoing

Tracking Space Control Hierarchy

Image-based 
Visual Servoing

Position-based 
Visual Servoing

Direct 
Visual Servoing

Dynamic 
Look-and-move 

Figure5–1: Typesof visualservoing,asdescribedin [22].

To elaboratefurther, servoingmechanismcanbedesignedwith anintermediaterobot

commandgeneratorthatacceptsfeedbackfrom thevisionsensorsandoutputsrobotmotor

controlcommandsfor controllingrobotpose.Thesesystemsareknown asDynamicLook-

and-Movesystems.Thesystemswheremotorinputcommandsaregeneratedby theservo

systemdirectly arecalledDirectVisual Servosystems.In AQUA, thevision stacksends

yaw andpitchcommandsto thecontrolstack,whichin turngeneratesmotorcommandsfor

eachof thesix legs,effectivelyworkingasadynamiclook-and-movesystem.Ourtracking

andtarget detectionis performedin imagecoordinates,which makesit an image-based

servo system.In thefollowing subsectionwe discussa brief backgroundof image-based

visualservoing.
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5.1.1 Image-basedservoing

In image-basedvisualservoing,asdiscussedearlierin thesection,thetargetobjectis

trackedin imagecoordinates.Thepositionof theobjectin eachimageframeis expressed

in termsof image-spacecoordinates,not real-world or task-spacelocations. In our case

we localizethecentroidof thetarget in two-dimensionalCartesiancoordinates,not three

dimensionalreal-world coordinates.Theerror function" , in this caseis de�ned in < 2, as

theEuclideandistancebetweenthecenterof theframeandthecenterof massof thetarget.

Thegoalis to reduce" suchthat" ! 0, astime t ! 1 .

In spiteof de�ning theerrorfunctionin imagespace,themotorcommandsarespec-

i�ed in task spacecoordinates;i.e. the yaw and pitch commandsare the samewhen

the robot would be tele-operatedby a remotecontroller. This necessitatesa mapping

of changesin the imagecoordinatesto changesin the positionof the robot. The image

Jacobianis usedto performthesechanges.

Let f be a featurevector in the imagespace,r a vectorof robot translationaland

rotationalvelocities,and _r is therateof changeof thesevelocities. If k is thenumberof

dimensionof theimagespaceandm is thenumberof dimensionsof thetaskspace,then

theimageJacobianis de�ned asfollows:

Jv(r ) =

"
@f
@r

#

=

2

6
6
6
6
6
6
4

@f 1 (r )
@r 1

� � � @f 1 (r )
@r m

...
...

@f k (r )
@r 1

� � � @f k (r )
@r m

3

7
7
7
7
7
7
5

(5.1)

The imageJacobianrelateschangesin the imagespacevector f to changesin the

velocityvectorr . Thevelocityvectorr is alsocommonlyreferredto asthevelocityscrew
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in visual servoing literature. Themappingfrom changesin image-spaceto task-spaceis

expressedby thefollowing expression:

_f = Jv(r ) _r (5.2)

In image-basedvisual servoing, the interestis in �nding the robot velocity _r given the

rateof changein imagefeatures _f . Hutchinsonet al. shows [22] how to solve Eq. 5.2 to

determinethevelocityscrew _r to achieveadesiredstateof theimagefeaturevectorf .

5.2 Tracker Implementation

Wediscussedthetheorybehindthetrackingalgorithmsusedin AQUA in theprevious

chapter. This sectionandthe includedsubsectionsexplain in detail the implementation

speci�c issuesof eachof thesetrackers.

5.2.1 Preprocessing

The color spacechosenfor blob trackingwasthe normalizedRGB space,which is

in effect anover-representedhuespace.We chosethenormalizedRGB colorspacesince

the effect of lighting changeswereminimum, andconversionfrom RGB to normalized

RGB was not computationallyexpensive. The color framesobtainedfrom the camera

were640� 480with 8-bitsperpixel, with Bayer-encodedcolor information. TheBayer

encodingschemeis a methodof interpolatingcolor information of a pixel using color

valuesfrom theneighboringpixels,by usingonly 8-bitsperpixel insteadof 8-bitsperred,

greenandbluechannels.Bayerencodingreducestheoveralldatasizeby one-thirds,since

only 8-bitsperpixel areused,insteadof 24, with a concomitantlossof color resolution.

TheBayerpatternis speci�c to eachcameraandits CCD(Charge-CoupledDevice,which

is theequivalentof �lm in a ' traditional' camera).To retrieve color data,a conversionis
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requiredfrom themonochrome8-bit Bayer-encodedimageto a three-planeRGB image.

This RGB color imageis normalizedby dividing eachpixels RGB valueswith the sum

of the RGB values. Examplesof a Bayer-encodedframe, the RGB color imageand a

normalizedRGB framecanbeseenin images5–2.

Figure5–2: A raw framefrom thecamera.

Thesepreprocessingstepsarecommonto all thetrackingmethodsdescribedbelow.

5.2.2 Blob Tracker

The tracker is built on the principle of a Region of Interestoperator. As discussed

in the previous subsection,the RGB imageis convertedto a normalizedRGB format.

addition,athresholdingis performedontheabsolutevalue.Thisis donein ordertoprevent

thedarker areasof the imagefrom contributing to theregion of interest.Theparameters

for �nding theregion of interestwith thetargetcolor is givenin normalizedRGB values
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Figure5–3: Bayercodedframes.

Figure5–4: Normalizedcolor frame.
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aswell (i.e hue). Thesevaluesaremanuallytunedprior to the experiments.The image

is then segmentedand only thosepixels whoseRGB valuesfall within the thresholds

are retained. To remove high-frequency (or shot/salt-and-pepper)noise[3], the median

�ltering algorithm[40] is usedover the segmentedimagewith either 5-by-5 or 7-by-7

pixel grids,with typical thresholdvaluesof 30%-40%.Thecenterof massof theblob is

thencalculatedandthetotal massof theblob is usedasa con�dencefactor. If it is below

acertainthreshold(seta priori basedontheobjectbeingtrackedandlighting conditions),

the measurementis ignored. Finally, the error signal is computedusing the Euclidean

distancebetweenthe centroidof the blob andthe centerof the imageframe. Two error

signalsareusedfor pitch andyaw, andboththesesignalsarethenpropagatedto thePID

controller.

5.2.3 Histogram Tracker

Thehistogramtrackercomparesrectangularregionsof theinputframewith thetarget

region by comparingtheir correspondingcolor histograms.The target color distribution

is storedby calculatinga normalizedhistogramof a �x ed numberof bins, over the hue

space.We usedeither32 or 64 bins for histograms,dependingon thetargetandthesize

of theimageframe.Thehistogramsareone-dimensionalvectorsthatcombinethemulti-

huechanneldata. Similar histogramsarecomputedfor the searchedsubwindows. The

subwindows have eitherone-eighthor one-sixteenththe dimensionof the imageframe.

Similarity betweenhistogramsarecomputedby the measuresdiscussedin the previous

chapter. Sincethehistogramsarenormalized,themeasuresreturnvaluesrangingfrom 0

to 1; highervaluesindicatinghigherdegreeof similarity. Theminimumsimilarity measure

is takenas0.5; any measurebelow this thresholdis not acceptedasa valid target region.
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Thecenterof thechosenwindow is takenasthenew targetlocation.As in thecaseof the

blob tracker, thesecoordinatesareusedby the PID controllerto generatepitch andyaw

commands.

5.2.4 Mean-shift Tracker

Color histogramsareusedas the underlyingdistribution in the mean-shifttracker.

The histogramsare three-dimensionalarraysin this case,one eachfor the threeRGB

channels.We use16 binsperchannelfor themean-shifttracker. Thetargethistogramare

computedin a squarewindow of sidesequaling100 pixels. The color modelprobabil-

ity densityfunction for the target is calculatedby overlayingthesubwindow by a kernel

having the Epanechnikov pro�le. The weightsfor the mean-shiftvectorare calculated

usingtheEpanechnikov kernel(SeeAppendixA). Thetracker is initialized with the last

known locationof thetargetandthetargetPDFmodel. In eachsuccessive trackingstep,

thecandidatewindow is createdat thelocationof thelastknown targetposition,thecan-

didatePDFmodelis calculatedandtheweightsfor pixel arecalculated,leadingto a new

candidateposition. We use10 iterationstepsfor themean-shiftprocessto choosea new

target location.Also, thetargetandthecandidatewindow sizesarethesameaswell. The

BhattacharyyadistancebetweenthecandidatePDFmodelandthetargetPDFmodelis cal-

culatedto quantify thesimilarity betweenthetargetandthenew candidatelocation. The

locationwith the minimum Bhattacharyyadistanceis chosenasthe new target location.

Themethodis basedon thatof Comaniciu,RameshandMeer[6].

5.3 Controller Design

The trackersareable to track the target at almost15 frames/second,andtherefore

without �ltering thecontrolstackwould bereceiving possibly15 differentpitch andyaw
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commandpairsfrom thevisualtracker. Changingcommandssentto theleg motorsatsuch

a high ratewouldyield a highly unstableswimmingbehavior. A PID controlleris usedto

take thesetargetlocationsandproducepitchandyaw commandsata rateto ensurestable

behavior of therobot.Thecontrollertakestheerrorsignalsfrom thetrackerandgenerates

pitch andyaw commandsfor thegait controller. Giventhe input from the tracker at any

instant,andtheprevious tracker inputs,thecontrollergeneratescommandsbasedon the

following controllaw:

� = K P � t + K I

Z
� tdt + K D

@
@t

� t (5.3)

where� t is thetime-averagederrorsignalat time t andis de�ned recursively as:

� t = � t + 
 � t � 1 (5.4)

� t is theerrorsignalat time t, K P , K I andK D arerespectively theproportional,integral

anddifferentialgainsand
 is theerrorpropagationconstant.

WeusetwoPIDcontrollersfor thepitchandyaw axes.Accordingly, therearetwosets

of gainsfor eachof the threemultiplicationconstants(proportional,integral andderiva-

tive). Thesegainsareadjustedmanuallybeforevisual servoing runs. The closed-loop

controlarchitectureof thevisual servoing systemis seenin Fig. 5–5. Theservo control

loopsindicatethetwo differentPID controllersfor pitch andyaw aswell asthedifferent

controllergains,denotedK P for thepitchaxisandK Y for theyaw.
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Figure5–5: Closed-loopsservo control.

For eachof thepitchandyaw axes,thecontrolloopswork identicallyasfollows. The

controlleractsasa low-pass�lter , smoothingout fastchangingpitch andyaw commands

by averagingthemover a periodof time. Theservo moduleimplementsa PID controller

with a �rst-order IIR �lter . We de�ne a time constantfor the low-pass�lter for each

PID controller. Thecontrollergainsareinput manually, asmentionedearlier, with limits

to truncatethe gains. Eachaxis hasa deadbandlimit appliedto the error signal. This

preventsthe controlleroutput from changingtoo frequently, by ignoring small changes

in theerror signal. We alsointroducea sleeptime betweeneachiterationin servoing to

reducecommandoverheadof thecontrolstack.
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5.4 Software System

As mentionedbeforein Chapter3, the visual servoing codeis basedmostly on the

VXL library. In particular, we have usedVXL to provide the fundamentalimagepro-

cessingalgorithmsanddatastructures,andour algorithmsareimplementedwith theseas

the building blocks. The FireWire cameracodeusesanotheropen-sourcelibrary called

CamWire1 , by JohannSchoonees.CamWire encapsulatesthe low-level cameracontrol

codeprovidedby thelibdc1394Linux library, makingit easierto write andorganizecam-

eracode. The trackingsoftwarehastwo modesof operation. During developmentand

testing,we usea graphicaluserinterfaceto interactwith thetrackersin real-timeandex-

perimentwith theoutput.TheGUI library signi�cantly increasesthesizeof theexecutable

andis not suitablefor deploymentin therobot. Theversionon therobothasno GUI, but

usestheLinux shell to interactin a commandline environment.This reducesthesizeof

theexecutableandspeedsup execution.Thetrackingalgorithmson bothcasesaresame,

theonly changebeingtheuserinterface.

Theoverall softwarearchitecturefor thevisualservoing taskis shown below in Fig.

5–6asablock diagram.

In thenext chapterwepresenttheresultsof thesystemwedescribedsofar. Servoing

test resultsof the AQUA robot is discussed.We also look into the performanceof the

trackingalgorithms,andhow thechoiceof targetseffect thetrackers.

1 http://kauri.auck.irl.cri.nz/johanns/camwire/
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Figure5–6: Completesoftwarearchitectureblockdiagram.
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CHAPTER 6
Experimental Results

We presentthe resultsof the visual servoing systemdescribedso far in this chap-

ter. We evaluatetheperformanceof thetrackingapproachesin termsof theaccuracy and

robustness,andalsodiscusstypesof targetseachtracker is suitablefor tracking. Perfor-

manceof thePID controlleris presented,while trackinganobjecttravelling in a straight

line duringopen-watertrials. To gathergroundtruth datafrom underwaterservoing ex-

perimentsis an extremelycomplicated,if not impossible,task,given the unavailability

of measurementsthat arestandardfor surfaceenvironments. This inability preventsus

from presentingquantitative measurementsof successfor a target-following task,but we

presentresultsthatdemonstratequalitatively theeffectivenessof our system.

6.1 Tracking Performance

Thethreetrackingalgorithmsareoptimizedfor trackingobjectswith differentcolor

features,asdiscussedin Chapter4. In thissectionweshow theaccuracy androbustnessof

eachof the trackerswhile trackingdifferenttargetobjects.Situationswhich causethese

trackersto fail to successfullytrackarealsodemonstrated.

6.1.1 Color Blob Tracker

As discussedin the previous chapter, the color blob tracker we usedworked in the

normalized-RGBcolor space. The blob tracker usespreviously computednormalized

RGBthresholdsof thetargetobjectto segmentout regionsof aninput framein anattempt

to locatethe target. The following sequenceof imagesdemonstratethe operationof the
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Table6–1: Colorblob tracker thresholdsfor ayellow targetunderwater.

ColorChannel Low High
Red 0.398129 0.438129

Green 0.371813 0.411813
Blue 0.170058 0.210058

Selectingpixel (58,129).ColorR:143G:134B:65

Figure6–1: Yellow targetduringtuning.

color blob tracker during the tuning andtrackingphases.The tuning operationandthe

resultingnormalizedRGBthresholdvaluesareshown in Fig. 6–1andTable6–1.

Theresultof thesegmentationalgorithmon this imageproducesFig. 6–4(a)below.

Thecrosshairin themiddleindicatesthecentroidof theblobascalculatedby thetracker.

As is clearlyevidentfrom �gures 6–1and6–4(a),thecolor blob tracker performsas

expectedin localizingthetarget,basedon theinitial color thresholdstunedout.

Theproblemswith thecolor blob tracker becomeevidentwhentargetsto betracked

have complex color characteristics.Thesequenceof �gures in Fig. 6–4demonstratesthe

blob tracker outputsfor the checkerboardpatternedobject andclearly demonstratesits

limits.
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Figure6–2: Resultof Segmentationfor theyellow ball.

Anotherof themajorproblemsthatwe encounterwith thecolor blob tracker, is the

presenceof duplicatetargets.As seenin Fig. 6–5,evena surfacere�ection of theobject

createsamirror imageof thetargetobject,whichis suf�cient distractionenoughtoconfuse

the tracker. The tracker, in suchcases,calculatestwo blobsandthe overall centroidis

locatedon a line connectingthecentersof massesof thetwo blobs.Thetracker �nds the

locationcloserto thelargerbobin suchcases.

The caseabove demonstratesthe needfor usingan objectwith very differentcolor

characteristicsfrom thesurroundingenvironment.Wefoundyellow to beacolorwhich is

suf�ciently unique,andalsothehuetransmittedfor yellow underwaterwasmuchgreater

thanany othersinglecolorweused.

6.1.2 Color Histogram Tracker

Thecolorhistogramtrackeris amoreenhancedtrackingalgorithmthanthenaiveblob

tracker. Usingthetarget's color distribution asthefeatureto track,it achievesrobustness

comparedto theblob tracker which easilyfails in thepresenceof a duplicatetarget. As
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Figure6–3: Checkerboardobjectfor tracking.

(a)Frame1 (b) Frame2 (c) Frame3

Figure6–4: Colorblob tracking.Centroidof targetat thecrosshair.

such,thehistogramtracker is suitablefor trackingobjectsthathaveavarietyof color, not

just one. The operationof the histogramtracker during tuning andtrackingis shown in

the sequenceof imagesin Fig. 6–7. We useone-dimensionalhistogramswith 64 �x ed-

sizebins,andeachwindow is roughly 1
16 (one-sixteenth)thewidth andheightof theinput

imageframe.Figure6–6showsthehistogramdistributionfor thetargetshown in Fig. 6–6

with the target rectangleshown insideof a yellow border. The outputof the tracker in

anotherframeis theregion outlinedin red. For comparisonwith a region not containing
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(a)Targetwith surfacere�ection (b) Segmentedoutput,with the redcircle
indicatingcentroid

Figure6–5: Effectof surfacere�ection.

thetarget(e.g. theoneoutlinedin white),weshow thethreehistogramsin Figures6–6(b),

6–6(c)and6–6(d)respectively, of theactualtarget, the tracker outputandthenon target

area. The measuredsimilarity valueusing the Bhattacharyyameasureis given in table

6–2.

Table6–2: Bhattacharyyameasures.

TargetandChosen TargetandNon-target
0.989718 0.192324

6.1.3 Mean-shift Tracker

Robust as it is, the histogramtracker is accurateonly asfar as the sizeof the sub-

windows in which it operates;that is, thecenterof thetargetwill belocatedat thecenter

of therectangularsearchwindow, which maynot betheactualcentroidof the target. To

achieve higheraccuracy without sacri�cing therobustnessof thehistogramtracking,the
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(a) Input framewith regions

(b) TargetHistogram (c) ChosenHistogram (d) Non-targetHistogram

Figure6–6: Histogramtrackingresults.

mean-shifttracker is used. Building on the color histogrampropertyof the target ob-

ject, themean-shifttracker localizesthetargetusingthedirectionof mean-shiftvectoras
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(a)Frame1 (b) Frame2 (c) Frame3

Figure6–7: Histogramtrackingoutput,with targetat crosshair.

(a)Frame1 (b) Frame2 (c) Frame3

Figure6–8: Mean-shifttrackingoutput,with targetatcrosshair.

a pointerto the next probabletarget location. The accuracy provided by the mean-shift

tracker, however, doesnot comewithout theextra computationalcost. This algorithmis

the slowestof the threewe usedin AQUA, andassumesthat the target doesnot change

locationby a largemargin betweenconsecutive frames.With this reasonableassumption,

we presentthe resultsof the mean-shifttracker in operationin the sequenceof images

shown in Fig. 6–8.
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Table6–3: Pitchandyaw servo controllerparameters;seeSection5.3.

Axis K P K I K D Limit P Limit I Limit D DeadbandTime
Constant

Command
Limit

Pitch 1.0 0.0 0.0 1.0 0.3 1.0 0.2 0.35 1.0
Yaw 1.0 0.0 0.0 1.0 0.3 1.0 0.2 0.05 1.0

6.2 PID Controller

To tune a PID controller (i.e. adjust K P , K I and K D ) to ensuresmooth,non-

oscillating performance,the stepresponseof the systemhasto be measured.For this

work, we do not have thestepresponsedataavailablefrom therobot. This hampersour

ability to tunethePID controllerproperly. Nevertheless,theuseof theproportionalgain

alonehasbeensuf�cient to ensureperiodicandboundedresponsefrom theservo system,

asfoundfrom theopen-watertrials,discussedin thenext section.For theservo trials, the

PID gainswereadjustedusingempiricalvalues,observingtherobot'sresponseto achange

in thePID gains. A typical setof parametersfor theyaw andpitch servo controllersare

presentedin table6.2.

Weobservedadirectimprovementin theyaw responseastheyaw axis�lter -timecon-

stantwasreducedbelow 0.1seconds.An IIR �lter presenton thecontrolstacksmoothed

out oscillationsin input roll, yaw andpitch commandsfrom the operator, aswell asthe

pitch andyaw commandscomingfrom thevision stack. In our tests,reducingthe �lter -

timeconstantto aslow as0.05secondshadno adverseeffecton therobot'sstability.

Thenext sectionpresentssomequantitativeresultsacquiredfrom theopen-watertri-

als held at the Bellairs ResearchCentreof McGill University, at Barbados.The results

from thesetestsdemonstratethesuccessof thesystem,in spiteof all theunknown param-

etersaffectingtherobotin anopen-waterenvironment.
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6.3 Open-Water Trials

For the open-water trials at Barbados,a 15 centimetersdiameteryellow ball was

held by a swimmerin front of the robot at a distanceof approximately2 meters. The

diver swam in a roughly straight line at a paceconsistentwith the robot's speed. (In

fact, therobotcouldoutpacethediver at full speed.)A sequenceof successfultrials was

completedeachfor durationof roughly100secondsover a distanceof 27 meters,giving

the robot an averagegroundspeedof approximately0.3 meters/second.The testswere

concludedwhentherobotreachedtheendof its �ber-optictelemetrycable.Theframerate

usedby thevisualtracker wasoneframepersecond,consistentwith thelow-passcontrol

loopmandatedby theoscillatingswimminggait. During this trial, thecolor segmentation

algorithmsuccessfullyfoundthetarget in all but oneimage.This givesa successrateof

99%for thevisual tracker. Othertrials hadslightly lesssuccessfuldetectionrate,but all

wereabove 90%. Figures6–9and6–10show therelative trackedpositionsof the target

for thex-axis (yaw) andthey-axis (pitch) over thedurationof onetrial. A valueof zero

indicatesacenteredtarget,whereasavalueof +1.0or -1.0indicatesthetargethasreached

the boundaryof the camera's �eld of view. Sinceonly a proportionalgain wasusedin

the experiment,thecommandsentto the robot's gait controllerwassimply proportional

to thisrelativeposition.Theboundedperiodicnatureof thesignalindicatethatthetracker

andcontrollooparefunctioningin astableoperatingmode.

In orderto maintainthetargetin thecenterof thecamera's�eld of view, two feedback

loopsarenecessaryasshown in Fig. 5–5. Yaw commandsareusedto correcterror in the

image's x-axis, andpitch commandsin the y-axis. Note that in the currentexperiment,

the roll axis was left uncorrected.This would have requiredeitherusingsomeform of
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Figure6–9: Responseof yaw to visualservoing.

shaperecognitionand an asymmetrictarget, or to be able to establishthe direction of

the vertical axis by usingan Inertial MeasurementUnit. Provisionshave beenmadeto

integratesuchadevicein futureexperiments.However, sincenorobotresponsedata(such

asstepresponse)wasavailable, the transferfunction aswell as the frequency response

of the robot for eachaxis wasunknown. It wasthereforenot possibleto fully tunethe

PD controllerbeforehand.This limited our ability to �nd theoptimalparametersfor the

controllers.SeeFig. 6–9.

Theaveragevaluefor theyaw axisrelativepositionwasimportant(0.15),especially

comparedto thepitchaxis' averagepositionvalue(0.00095).Thiscanbeexplainedby the
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Figure6–10:Responseof pitch to visualservoing.

presenceof a side-currentin theopenwatercondition. Sincethediver holdingthetarget

wasattemptingto follow a straightline usingvisual cuesfrom the substrate,a biaswas

neededto compensatefor theside-currentdynamics.No suchbiaswasneededin thepitch

direction.

In both�gures anoscillationwith aperiodof approximately10secondscanbenoted.

Thesearecomingfrom thesub-optimalbehavior of theproportionalcontrollerin thepres-

enceof thelow-pass�lter of therobot'sgaitcontroller, andto aminorextentto theinertia

of therobot. Thefull useof a properlytunedPID controlleraswell asfurtherre�nement

of the gait controllerwould help reduceandpossiblyeliminatethoseoscillations. Nev-

ertheless,this sub-optimaltuningprovesthefeasibility of on-boardvisualservoing using

AQUA'ssix �ippers motionactuation.
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CHAPTER 7
Discussionsand Conclusion

7.1 Overview

This thesispresenteda visual servoing systemfor an aquaticleggedrobot called

AQUA. The approachto servo control is basedon simple color tracking coupledwith

a control loop whoselow-passpropertiesaretunedto eliminatethe naturalundulations

causedby therobot'sswimminggait. Wediscussedtheunderlyinghardwareandsoftware

componentsof thesystemandpresentedthedatacollectedduringopenandclosed-water

trails of thesystem.Thesystemis inherentlysimpleandenablesAQUA to achieve some

degreeof autonomyin navigating underwater. The recentseatrials of the systemhave

provento beverysuccessful,andpresentsexciting new directionsfor futurework.

7.2 Tracking and Underwater Vision

We have chosentrackingalgorithmsthathavebeenshown to besuccessfulin terres-

trial, non-underwatervision,andappliedthemin theunderwatervisiondomainto achieve

ahighdegreeof success.As mentionedearlierin thisthesis,themarineenvironmentposes

uniquechallengesfor vision systemsto work effectively, asanumberof assumptionsthat

canbemadefor non-underwatersystemsareno longerrealisticin this domain. Theun-

successfultrackingtrials have helpedto revealthelimitationsof thesealgorithmsapplied

”as-is” in theunderwaterdomain.Wehave investigatedtheeffectof lighting variationson

theunderwatervision systemaswell. We hopetheexperimentswill inspirefuturework

in developingalgorithmsparticularlydesignedfor underwatervision.
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7.3 Vision-basedVehicleControl

The main contribution of this work is not in any oneof the individual components,

but insteadin demonstratingtheapplicabilityof vision in autonomousunderwatervehicle

control. Theadvantageof usingvision to achieve autonomousnavigationlies in thepas-

sivenessandlow power consumptionpropertyof vision sensors.A simplePID controller

hasbeenshown to besuf�cient to produceboundedmotionof therobotduringservoing.

Thenatureof motionof anaquaticvehicleis complex, andwhetheror not to mimic bio-

logical motionis a questionthatneedsto beinvestigatedthoroughlybeforea satisfactory

answercanbe given. We have implementeda Linux-basedenvironmentfor the vision

processorin a limited storagethatis alsopowerconservativeandrobustto systemfailures.

Eachof thesesystemcomponentshave playeda vital role in the overall performanceof

thesystem.

7.4 Future Work

Thevisualservoingsystemdescribedherehasbeenprovento work in therealworld,

but thereis room for many moreenhancementsandnew provisions. Improvementscan

be madeto the tracker aswell asthe overall control system,to build a morerobust and

stablevisualservoingmechanism.To date,thetrackeronly looksfor anobjectof acertain

color or color distribution, without looking for an objectof prede�nedshape.We plan

to integrateshapeandpatternmatchingwith the tracker in the nearfuture. Also, from

thesizeof the trackedobjecton screen,thespeedof the robotcanbecontrolled;so that

therobot cancatchup with themoving targetwhenit is aboutto losetrack. Neitherthe

trackeror thecontrollerincorporatesany learningschemeatthepresenttime. All gainsand

parametersaretunedmanuallywith the aid of datafrom previous trials. A probabilistic
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learningschemeincorporatedwith the servoing could greatly increasethe robustnessas

well asprovide for automaticobjectrecognitionandtrainingof parametersandgains.An

Inertial MeasurementUnit (IMU) hasbeenusedasa stability augmentationsystem.We

aimfor tighterintegrationof theIMU with thevisionsystem,makingfor a semi-dynamic

look-and-moveservoing architecture.Currently, theservo systemhasno controlover the

roll commandof the robot. Using feedforward control, we canalsocompensatefor the

couplingbetweentheaxiscontrols.

It appearsthatamore�e xible learning-basedschemefor targetacquisitionandtrack-

ing would permit the systemto operatemorerobustly. While we have not experienced

serioustrackingfailureswhereilluminationspreventsthetargetfrom beingacquired,one

might expectthis to occurin the absenceof on-lineauto-calibration.More important,it

appearsthat the trackingsystemcanbe“fooled” by distractingobjectswhosecoloration

matchesthe target of interest. While usingsupplementaryshape-basedcueswould be a

naturalimprovementto the tracker, the computingoverhead,particularly in the robot's

small form-factormake this a challenge. Underpoor visibility conditionsthe rangeof

availablehuestransmittedthroughthewateris very limited. A particularlyattractive op-

tion is the useof a tracker that explicitly modelsthe motion of the target (for example

theundulationof thediver beingfollowed). This suggestsseveral interestingavenuesfor

futurework.
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Appendix A: The Epanechnikov Kernel

TheEpanechnikov kernel hasthefollowing form:

t =
3
4

(1 � u2); � 1 < u < 1 (7.1)

= 0;otherwise: (7.2)

Here,u = x� x i
h , whereh is thewindow width andx i arethevaluesof the independent

variablein the data,andx is the valueof the scalarindependentvariablefor which one

seeksanestimate.

Also, thepro�le of akernelK is de�ned asa functionk : [0; 1 ) ! R suchthatK (x) =

k(kxk2).
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KEY TO ABBREVIA TIONS

BIBO: BoundedInputBoundedOutput

HSV: Hue-Saturation-Value

IEEE: Instituteof ElectricalandElectronicsEngineers,Inc.

IIDC: InstrumentationandIndustrialDigital Camerastandard

IMU: InertialMeasurementUnit

PID: Proportional-Integral-Derivative

RAM: RandomAccessMemory

RGB:Red-Green-Blue

TCP/IP:TransmissionControlProtocol/InternetProtocol

UDP:UserDatagramProtocol

UML: Uni�ed ModellingLanguage
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