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ABSTRACT

We presenta visual serwing systemfor an amphibiousleggedrobot. Thatis, a
monoculafvision basedsenoing mechanisnthat enableshe robot to track andfollow
atargetbothundervaterandontheground.We usedthreedifferenttrackingalgorithmsto
trackandlocalizethetargetin theimage,with color beingthetrackedfeature.Trackingis
performedasedntheobjectscolor, colordistributionandcolor distributionwith aprob-
abilistic kernel. Outputfrom thetracker is channeledo a proportional-intgral-dervative
controller which generatesteeringcommanddor the robot controller The robot con-
troller in turntakesthe steeringcommands&ndgeneratesnotorcommandsgor thesix legs
of therobot. A large classof signi cant applicationscanbe addressetly allowing sucha
robotto follow a diver or someothermoving target. The systemhasbeenevaluatedn the
openwaterandundernaturallighting conditions,andhassuccessfullyperformedracking

andfollowing of awide varietyof targetobjects.



ABREGE

Nousprésentonsinsysemed'asservissemenisuelpourunrobotamphibiemunide
jambes.ll s'agit d'un mécanismede vision monoculairequi permetau robotde dépister
etsuivre unecible mouvantesousl'eau et surla terre. Nousavonsutilisé trois algorithmes
differentgpourdépisteretlocaliserla cible dansl'image, la couleurétantla caracéristique
examirée.Le trajeta suivre estdétermire parlescouleursdel'objet, la distributiondeces
couleurset la distribution descouleursavec un kernelprobabiliste.La sortiedu traqueur
estervoyéeauncontdleurdePID, qui géreredescommandedirectives.Cescommandes
sonttransmisesucontdleurdurobot,quirelaiepoursapartdescommandemotricesaux
six jambesdu robot. Permettrea un tel robot de suivre un plongeurou unequelconque
autrecible mouvantepourraaidera solutionnerde nombreuseapplicationssigni catives.
Le sysemea éte évalué eneaulibre etdansdesconditionsd’ éclairagenormalesgta suwi

avecsucesunegrandevariete d'objets-cibles.
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CHAPTER 1
Intr oduction

We describethe vision-basedseno control of a swimmingaquaticrobot. We have
developedanddeployeda swimmingrobotthatusedeggedmotionto swim andnavigate
undervaterandwhich depend®n vision asits primary sensingnodality While sonaris
the predominansensousedby undervatervehicles,vision hasthe potentialto be highly
effective undervaterasit is onland. In this thesis we examinethe useof visualfeedback
to accomplishnavigation tasksin an openwaterenvironment. This is accomplishedy
usingavisualfeedbackmechanisnto modify the swimminggaitsof ourundervaterrobot
asit follows a moving target. A large classof signi cant applicationscanbe leveraged
by allowing sucharobotto follow a diver or someothermoving target. Performingthese
tasksundervateris complicatedby the variablelighting and visibility in the water In
addition,the undulatingmotion of our vehicleandthe exogenouslydriven motion of the
vehiclein theopenseafurthercomplicateheprocessin thisthesiswe describghesystem
architecturendapproacho vehiclecontrol,with discussionsf therelevanttheorybehind
the senoing mechanism.

Underwaterroboticsappearso beanapplicationdomainof rapidly increasingsignif-
icance rife with challenge®f bothscienti c andpragmatiamportance While computer
vision hasmaturedenormouslyin the last few decadesthe peculiaritiesof undervater
(sub-seayision have beenlargely ignored,presumablydueto the enormoudogistic and

pragmaticoverheadn examiningthem. It is akin to the mannerin which the topography



andzoologyof thesub-searvironmenthasbeenignoredrelative to theterrestrialanalogs.
In fact,vision canbeasvaluablea sensingnediumundervater andperhapsvenmoreso
thanon land. Simpleinspectionof marinafaunademonstratethe ubiquity of eyes,and
otheroptical sensorsin the marineervironmentandthussuggest#s potentialutility .

In our applicationwe areparticularlyinterestedn trackinga diverasheswimseither
alongthe surfaceor underwaterusing scubaapparatusin this casewe needa tracking
technologythatimposesaverylimited cognitve loadonthedriver, which operateslespite
variationsin lighting dueto refractve effectsand/orwaves, which is immuneto nearby
wave actionandwhich operate®ver amoderateangeof distances.

In our applicationsyision hasthe advantageof beinga passve sensingmediumand
it is thusbothnon-intrusve aswell asenegy ef cient. Thesearebothimportantconsider
ations(in contrastto sonar)in arangeof applicationgangingfrom ervironmentalassays
to securitysurweillance. Alternative sensingnediasuchassonaralsosuffer from several
de ciencieswhich make themdif cult to usefor trackingmoving targetsat closerangein
potentiallyturbulentwater
1.1 Problem Statement

Thetaskwe wanttherobotto performis thatof following a particularmoving object,
eitherarti cial or natural,underwaterandin anopenwaterenvironment,thusachiezing

somedegreeof autonomy



| Visual Servoing Hardware

Vision processor: a Pentium M
CPU on a PC104/Plus form
factor, running Linux

> |Control processor: a Pentium
CPU on a PC104/Plus form
factor

PC104/Plus IEEE1394
controller card

IEEE1394 (Firewire) Digital
Camera, 640x480 resolution

Figurel-1: AQUA visualserwing hardware.

The robot houseshreecamerastwo in front and onein the back, ascanbe seen
from Fig. 1-1. We usea color camerao trackthetargetandutilize thetrackingoutputto
controltherobot'strajectoryin aclosed-loogashion.Werequirethattherobotfollowsthe
tamget'strajectoryascloselyaspossible.Therobotmustbe ableto maintaintrackin spite
of changen lighting conditionsandstrongcurrentsandotherundervaterforcesthataffect
its hydrodynamicsOnemight evenimaginethe needfor therobotto re-acquirghetarget
in caseof presencef falsetargetsor atemporaryfailurein tracking. Therobotshouldbe
trainedwith respecto thetarget (andits color propertiesonly once,andto rely only on
that prior informationto track. We alsoseekto utilize the sernoing systemto maneuer
therobotin waysthatwould not be possibleby usinghumaninput alone. In view of the
real-timeoperatingconstraintsthe entire mechanisnof tracking, steeringfeedbackand
trajectorycontrolneedgo befastaswell asaccurate Evaluatingthe performanceof the

systemquantitatvely is quite a challenge;neverthelessve evaluatethe senoing system
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in termsof the correctnesandef ciency of theirindividual components- thetracker and
the PID controller Performancef the threedifferenttrackingmethodsusedis discussed
in detail,andtheresponsienes®f the controllergiventhetrackingoutputis presentecs
well. This thesisfocusesmostly on the experimentalresults,with the theorybehindthe
differentapproacheseingdiscussedo explain andjustify their relevance. Compleity
of the systemis discussedothin termsof computationaswell asthe time requiredby
the robot to performthe commandgyeneratedy the system. The resultsof the open—
andclosed-vatertrials arepresentedo showv the succes®f the systemandalsoto clearly
establiskdirectionsfor futurework.
1.2 Approach

Ourapproacho senwoingis two-fold: we usecolor cuesto detectandtrackthetamet
andusethe trackinginformationin a feedbackcontrollerto generatecommanddor the
robot's legs. Threedifferentapproacheareimplementedor colortracking.In thiswork,
targetlocationis de nedin imagespaceij.e. no poseestimatiorof thetargetis performed.
We do not estimatethe robot's poseeither but that informationis available via an on-
boardinertial measurementinit. The robot "learns” the target color parameterst the
startof the senoing run. This tuning stepcanbe performedboth on land or undervater
andis performedonce. This is the only preprocessingtepin the entire process. The
trackingsubsystendetectghetargetin theimagecoordinatesand passeshemon to the
controller Thecontrolleractsasalow-passlter . We usea manually-tunedPID controller
to eliminateoscillationsandincreasaheresponsienes®f thesystem.ThePID controller
hastwo controlloops,oneeachfor theyaw andpitch axes. Theroll axisis not affectedby

serwing. An outline of the methodis asfollows:



Preprocessin§tage

i Thetrackeris tunedby placingthetargetat the centerof the camerdrame.
il Thetargetcolorparameterareextracted.Dependingf thetrackerbeingused,
RGB thresholdshistogramsor histogramdistributionsaresaved.
Tracking
i Thetamgetis tracked usingoneof threefollowing approaches:

a Color Sggmentor "Blob” Tracking,whereimagesegmentations applied
to localizethetarget.

b Color HistogramTracker, wherea modelcolor histogramof the targetis
matchedo othercandidatéhistogramso detecttargetlocation.

c Kernel-basedreatureTracker, wherewe usea radially symmetricmono-
tonically decreasingdkernelto extracttamget features.Candidatdocations
aregeneratedby usinga mean-shiftrackingmechanism.

Control
i Thegoalof the controlleris to minimizeanerrorfunction,whichwe de ne as
the Euclideandistancebetweerthe centroidof thetargetandcenterof theim-
ageframe. At eachiteration,pitch andyaw commandsregeneratedvith the
aim of reducingthis errorfunction. The gainsdescribedelonv aremanually-
tuned.
a TheproportionalgainK , contrilutesto the errorcorrectionamountsince
it is multiplied with the errorsignal(hencethe nameproportionalgain).
b TheintegralgainK; contritutesto the error correctionamountsinceit is

multiplied with theerroraccumulatedver a periodof time.



¢ Thederivative gainK 4 contributesto the error correctionamountsinceit
is multiplied with the derivative of errorsignal.

i The pitch andyaw commandsare sentto the robot gait controller The gait
controllergeneratesommandgor therobot's six legsandachiezesthedesired
changan motion.

Theloop continueswith every changean thetarget's positiongeneratinga (possible)
changean therobot's pose.Figuresl-2and1-3shawv outlinesof theentireprocess.
1.3 Applications

Evenmundaneactiities undervaterposeproblemsfor humansan termsof logistics,
cost,ef ciency andsafety As such,undervaterervironmentsrepresena substantiahrea
in which roboticscanmake a naturalcontritution. A rangeof applicationscanbe identi-
ed for whichsimpleinspectiorevenin moderatelyshallov watercanprove useful. These
applicationgncludeundervatersearchandrescuegoralhealthmonitoring,monitoringof
undervater establishmentge.g. oil pipelines,communicationcables)and mary more.
Speci cally, we are interestedn ervironmentalassessmertasksin which visual mea-
surement®f a marineecosystemmustbe taken on a regular basis. While automatically
selectingregionsof interestis beyondthe scopeof presentechnologiespncea biologist
identi es areasof interestwe believe arobotmay be capableof collectingsupplementary
dataor evenindependentlyexecutinginspectiortours. It is in this contet thatthe present

work is framed.



1.4 Outline

This thesisdiscusseanapproacho visualsenoing anundervaterleggedrobot. We
discusgheoreticabndpracticalaspect®f this work andthe problemin general.ln Chap-
ter 2, previous work in the areaand individual problemsassociatedvith serwing are
discussedwith an emphasido thosethat relateto this particularwork. We describethe
overall systemarchitecturein Chapter3. Chapters4 discussesrackingalgorithmsand
controlmethods.Theimplementatiordetailsof the trackingandcontrol systemsaredis-
cussedn Chapter5. We presentsomeexperimentalresultsobtainedfrom the systemas
awhole,aswell asthe performanceesultsfrom thetrackersusedin Chapter6. We con-
cludein Chapter7 by discussingheresults andalsoidentifying areagor improvementn

futurework.
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CHAPTER 2
Previous Work

Thischapteisuneyspastworkin the eld of visualserwingandundervaterrobotics.
Visual senoing is a comple task, involving a multitude of otherdisciplines;computer
vision, imageprocessingcontrolandtrackingbeingthe primary ones.Visualtrackingis
animportantmainstayof serwing, andwe discussseveraldifferenttrackingmethodsused
in the eld. Foranembeddeglatformlike AQUA, real-timeperformances of paramount
importance thereforewe keepthe focus on algorithmsthat have performedreasonably
well within limited time and computationakresources. In the end, we discussAQUA
visualsenoing softwarearchitecturdo put everythingtogetherandcomparet with some
othersoftwarearchitecturesisedin realrobotsovertheyears.

2.1 Visual Tracking

In computervision, visualtrackingis the procesof repeatedlydetectinga featureor
setsof featuresn a sequencef inputimages.Choosingfeaturego track canbe a com-
plicatedproblem,sincenoisein the sensor(i.e. camera)Jighting andvisibility changes,
refractionandappearancef multiple similar objectsin the imageframe,amongothers,
cancreateunforeseemproblems.Sincetrackingis primarily an online, real-timeapplica-
tion of vision, atrackingalgorithmmustbe fast,aswell asaccurate A tracker alsoneeds
to berobust,sothateffectsof falsetargetsandocclusionsareminimized.

Choosinga featureto trackis animportantstepin trackingalgorithmdesign,asal-

readystatedabose. Over the years,a large amountof work hasbeendoneon tracking



algorithmsthat track featuresrangingfrom shapeand motion to color andgrayscalen-
tensities. The following are examplesof approacheshat have beenprovento work best
amongthesealgorithms.

Techmef43] usesobjectcontourgo detectmotionandhenceracktargets.Freedman
andBrandsteir{13] haveinvestigatedietectingobjectcontoursn clutteredenvironments.
IsardandBlake [23, 24] introducedthe "condensation’or ConditionalDensity Propaga-
tion algorithmfor stochasticallyrackingcurvesor contourshapesn aclutter. Thisis also
known asTrackingusingParticle Filters. Trackingcontoursusuallyinvolvesaniterative
schemehat corvergesto the shapebeingtracked aftera nite numberof iterations,and
usesa probabilisticapproachto corverge to the bestsolutionat the instant. While they
canbequiteaccuratecontourtrackersrely heavily onaclearview of thetargetthatshovs
objectboundarieglistinctly comparedo the background.

Trackingobjectsby their color hasbeenextensvely studiedin the past. Color blob
trackingis oneof thesimplestapproachesColor-basedsegmentatioror "blobs” have been
appliedto notonly trackingbut alsoobjectrecognition19] andimageretrieval [18]. Color
blob trackerssegmentout sectionsof theimagethat matcha thresholdevel for the given
target[25]andbasedon the segmentationoutput, tracksthe shape sizeor centroidof the
blob, amongotherfeatures.The color spacechoserfor segmentatiorhasa majorimpact
on the performanceof the algorithm. A detaileddiscussiorof differentcolor spacesand
theirimpactontrackingcanbefoundin [27]. We discusshe RGB andHSV color spaces
brie y in Chapter4, sincethesetwo spacesreusedin our approach.

Colorhistogramareameasuref colordistributionoveranimage andaren-dimensional

histogramsover a neighborhood.The rangeof the possiblecolor valuesdependn the

10



color spaceusedin the histogramalgorithm. The possiblecolor rangesare subdvided
into adiscretenumberof 'buckets’ or 'bins'. Eachbin holdsthe numberof pixelsthathas
color valueswhich fall betweenthe upperandlower limit of the bin. An imageandits

corresponding@2-binhistogramis shavn in Fig. 2—1.

(a) SampleColorImage (b) SampleColor Histogram

Figure2—1: Samplecolorimagewith its color histogram.

Color histogramshave beenappliedin colorbasedmageretrieval applicationsand
video indexing [14] by matchinghistogramsof the sourceimagewith candidatamages
in a database.Swain and Ballard [39] demonstratéhe useof histogramsn their land-
mark paper The sameconceptof histogrammatchinghasbeenusedin detectingand
trackingtargetsin computervision. RubnerandTomasi[37] discusdifferentapproaches
to histogrambasedmageretrieval, with a focuson a variety of methodsfor measuring

distancesetweenhistograms.In their work, they introducea measurecalledthe Earth
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Mover's Distanceor EMD for histogramsimilarity measuremenOthermeasure$or his-
togramdistancesexists and are widely usedfor histogrammatching. We discussmore
aboutthesedifferentmethodsn Chapter.

Someof theabove method<f trackingarecombinedwith statisticalmethodgo pro-
vide moreaccurateaesults,albeitat the costof increasegrocessingime. Particle lters
andKalman Iters arewidely usedstatisticalapproacheso tracking. In recentwork, the
mean-shiftprocesg6] hasbeensuccessfullyusedfor trackingin conjunctionwith color
cues. Mean-shifttracking algorithmsattemptto maximizethe statisticalcorrelationbe-
tweentwo distributions.wherethe correlationbetweerthetwo distributionsaremeasured
using the BhattacharyyeDistance[44]. Statisticaldistributions can be built using ary
characteristidiscriminatingto a particularobjectof interest.A generaimodelmightuse
color, or textureor includeboth. Zivkovic andotherg[48] have usedmachindearningap-
proacheswith color histogramdor targettracking. Xu etal. [47] discussesrobustmean
shift trackingalgorithmby applyingfastcolor thresholding.A moredetaileddiscussion
aboutmean-shiftrackingandsimilarity measuresanbe foundin Chapter4.

2.2 Control

For every changen the target's position,a correspondinghangen the robotspose
may or may not be required. Respondingo every changein trackingoutputwill result
in a very unstableandill-behaving robot. Thus,a mechanisnis requiredfor relatingthe
changesn tarmget positionto changesn actuatorinput in a stableand smoothmanner
Controltheoryde nesthelaws by which this canbe achieved. To achieve stablecontrol,
the output of a systemis relatedto the input via a Transfer Function In Open-Loop

Systemghe input to the systemdoesnot rely on ary feedbackrom the output,asshavn

12



in Fig. 2—2. In Closed-Looystemgheinput of the systemdepend®n the currentstate
of theoutputaswell asthenew input;i.e. thesystenreliesonfeedbackof theoutput.An
outlineof aclosed-loopontrolsystemis shavnin Fig. 2—3. A brief tutorialonthebasics
of controltheorycanbefoundin [34]. In Chapterd, we brie y de ne someconceptof

controltheorythatrelatesto this work.

Controller > Plant —>

—>
Input Output

Figure2—2: Open-loopcontrol.

>
Input > Controller System Output

Feedback

Figure2—3: Closed-loopcontrol.

2.3 Visual Servoing

A substantiabmountof work hasbeendoneon visual senoing over the past fteen
years. Hutchinson,Corke andHagers seminalpaper[22] outlinesmary of the methods
usedin practicetodayaswell asthe basicfoundationsof senoing. This paperis anexcel-

lenttutorial onvisualseno controlmethoddor roboticmanipulatorsTheauthorsclassify
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seno methodsbasedon the hierarchyof the control systemandthe domainof the error
signal.Basedon controlhierarchy seno systemsareof two classespamely directvisual
seno and dynamiclook-and-mae systems. In dynamiclook-and-mae, a hierarchical
controlsystemusesvision to to provide set-pointinputsto thejoint-level controllerto in-
ternally stabilizethe system.In directvisual serwoing, a visualserno controllercomputes
joint inputsdirectlyinsteadof anintermediatgoint controller Again,basednthedomain
of errorsignals(i.e. if its is in imageor taskspace) the seno systemsanbeclassi edas
position-basedeno andimage-basedernoing systemsln image-basedystemscontrol
valuesare computedrom the featuresin the imagesdirectly, whereasn position-based
seno, imagefeaturesandgeometrionodelof thetargetis usedto generateontrolvalues.

A variety of approachesasbeenadoptedfor visual senoing in the recentpast.
Cowan andKoditschek[8] show thatvisual senoing canbe approachedsa robot nav-
igation problem. Hagerdiscusseshe useof stereovision for robust positioningin [20].
Planningcameramotion is an importantaspectof visual serwing, speciallyin image-
basedsenoing sincetamgetlocationsarespeci edin imagecoordinatesAn image-based
seno mechanisnhasto take into accountissuedik e maintainingthetargetin the eld of
view andobstacleavoidance,amongothers,A treatmentof suchissuescanbe foundin
MarchandandHager[32].
2.4 Underwater Robotics

Undervaterroboticsresearclnasbeenoneof themorechallengingdomainsof robotics
science.The undervaterdomainposescertainuniquechallengegshatrendera lot of the
principlesof terrestrialroboticsproblematic. An undervaterrobothassix degreesof free-

dom, and maneuering with six degreesof freedomcreatesseriouscomplications. The
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threeaxes of control for the AQUA robot canbe seenin Fig. 2—4. A computationally
straightforvard task of posemaintenancen land becomedar more challengingunder
water becausef strongcurrentsin marineenvironments.Infra-redsensorgose someof
their effectivenesdn wateraswell. Wirelessradio communicationsre alsoimpossible
over a large distancein watercomparedo groundbasedcontrol. All theseissuesmake
undervaterroboticsproblemsmoredif cult thanterrestrialrobotics. To a degree,inter-
planetaryspaceoverslik etheMarsroversSpiritandOpportunity[28] facealessdaunting
computationataskthananundervaterautonomousehicle.

In spite of all the hindrancessubstantiabrogresshasbeenmadein designingthe
hardware and algorithmsfor undervaterrobots,and muchof the researchs directedin
creatingan autonomousindervatervehicle (AUV) for operatosindependenéexploration
of undervaterervironments.Roboticsresearcherbave taken a numberof approachem
creatingundervater robots. The traditional approachto propelunderseaehiclesis by
usingpropellersor thrusters.Although simple by design,thesevehicleslack the maneu-
verability andagility seenin sh andothermarinespecies.For an AUV, ef cient enegy
consumptions critical, andthrustersarenot anenegy ef cient approacho stationkeep-
ing undervater[16]. Among otherefforts to properundervatervehicles,the RoboTuna
projectat Massachusettmstitute of Technology(MIT) is well known. The RoboTuna
project[42] attemptedo createa sh-lik e undervatervehicle,with a propulsionsystem
mimickingthosefoundin sh, hencecreatinganexampleof BiomemeticRoboticsapplied
in undervaterenvironments.Figure2-5showvs the RoboTunashellandthe skeleton.

The MIT Sea-GrantProgramhasan extensve programto createnev undervater

platformsfor deepoceanexplorations,including AUVs. The apping-foil sh robot[29]
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is an exampleof an experimental high-maneuerability robot createdoy the Tow Tank

Lab underthe SeaGrantProject.
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Figure2-5: TheMIT RoboTunaundervaterrobot. ¢ MIT RoboTunaproject.

Vision in undervaterervironmentsis an attractve sensingplatform, dueto its pas-
sive and unobtrusve features;but it hasbeenexaminedrarely dueto the complications
involved. One of the newer applicationsof vision sensords in Simultaneoud.ocaliza-
tion andMappingor SLAM problemswhich is referredto asVisual-SLAM or VSLAM
[9]. Underwnatervehicleshave a potentialto be usedfor undervaterterrainmappingand
surweying, andapplying VSLAM methodsis an attractve approach.VSLAM hasbeen
appliedto mapundervaterreefenvironmentsat the GreatBarrier Reefin Australia[46].
Another notableuse of vision for mappingis the inspectionof the wreckageof HMS
Titanic[1]], where visual datawas bolsteredwith information from an inertial sensor
therebyincreasingeliability of the VSLAM process.Apart from mapping,vision-based
vehiclenavigationandstationkeepinghave alsobeenattemptedHamelandMahory[21]
useanimage-basedpproacHhor visualsernoing an’eye-in-hand’robotcon gurationun-

derwater An approacho undervaterstationkeepingusingvisual serwing canbe found
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in [30], wherefeaturepoint extractionfrom unmarled objectsare usedto maintainthe
robot's poseandstationundervater
2.5 Robot Software Ar chitectures

Most robotsin existencetodayaremadeup of complex hardwarearchitecturesgon-
trolled by somevhat equally complex systemsof software [7], that provide the robot
with low- andhigh-level behaiors andcommandsTraditionally, eachrobotor family of
robotshave beenoperatedy a particularsoftware systemarchitecturejnsteadof having
agenericarchitecturesuitablefor all robots.Two andthreelayersof softwareabstractions
[15] areseenin roboticssystems.The softwaresystemis dictatedby the hardwarearchi-
tectureandthe demandsf real-timeoperationwhich a genericarchitecturas unableto
provide. Thisis evidentin severalrobotarchitectureseencommerciallyor in academic
andscienti c projects.We discussa few of the moreprominentrobotarchitecturesn the
subsectionbelow.
2.5.1 Higher-level Ar chitectures

Oneof theearliestworksin robotsoftwarearchitecturavasBrooks' Subsumptiorar
chitecture[5] wheremultiple layersof control cancoexist, with higherpriority behaiors
'subsumingbor takingoverlower priority tasksatdifferentlayers.A relatedarchitectureo
Subsumptions Parker's ALLIANCE [36], afault-tolerantarchitecturelesignedor multi-
robot cooperation.The SAPHIRA architecturg26] is a client-serer architectureaimed
at achieving autonomou$ehaior andcapableof interfacingwith visualandspeeclsen-
sors,mappingandtask-basedperation.Architecturedike the CAMPOUT [35] (Control
Architecturefor Multi-robot PlanetaryOutposts)and CLARAty[45] (CoupledLayer Ar-

chitecturefor RoboticAutonomy)have beendevelopedwith multi-robotexplorationbeing
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the primary concern.Thesetwo architecturesveredevelopedby NASA asa controlsys-
temfor their interplanetaryovers,which have differenthardwarearchitectures.
2.5.2 Dual-modeAr chitectures: Simulators and Operators

Certainsoftwaretoolshave beendevelopedto work asbothasimulationplatformand
arobotinterfacethroughrobotsoftware”drivers”. Thesetoolkits allow for softwaresim-
ulationof new conceptsandalgorithms,aswell asdriving realrobotsinsteadof the simu-
lator just by replacingthe'back-end'with theproperrobothardwareinterfacecode.Tools
like Player/Stage/Gazelj@a7] andthe Carngjie Mellon Navigation Toolkit (CARMEN)
[33] fall underthis category. The RoboDaemorpackageg10] providesan interfacefor
point-and-clickrobot navigationfor realandsimulatedrobots,aswell asan API for pro-
gramminghigherlevel behaiorsfor realrobots.It is apartof theMcGill Mobile Robotics
Architecture(MMRA) packageThe ORCA suiteis oneof the newver dual-modesoftware
packagedo appearin the eld. Developedat the Royal Institute Technologyin Swe-
den, University of Technologyat Sydng and The AustralianCentrefor Field Robotics,
ORCA[4] is anopen-sourcé&ramenork for creatingcomponenbasedoboticsystemsand
is closelyrelatedto the Player/Stage/Gazelawchitecture.
2.5.3 Low-Level Operational Software

Low level software architecturegprovide the lower levels of robot control, without
sophisticatedbehaiors. The RoboDevel[38] library is anexampleof sucha system.Ro-
boDevel (formerly known asRHexLib) is the operatindibrary for the RHex[1] family of
hexapodrobots. The library is written in C++ andhasmethodcalls for directly access-

ing the robot's actuatorsand other hardware. RoboDeel implementsinter-processand
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intermodulecommunicatiorby maintaininga centraldatabaser "blackboard”whereall
modulesstoreinformationthatareconsideregublic.

In the next chapter we discussthe systemarchitectureof the AQUA robotin some
details. We presentthe RoboDeel software systemand software control of AQUA in

greaterdetailin Chapters3 and5.
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CHAPTER 3
SystemAr chitecture

We describen this chapterthe overall hardware and software systemdayout putin
placefor visual senoing with the AQUA robot. The hardwaredesignof the AQUA robot
is introduced,with emphasin the electronicsratherthanthe mechanicaldesign. The
softwarefor visually guiding AQUA is split into two logically differentsections:onefor
visual tracking of the target and generatingrobot commandsthe otherfor taking those
commandsandtransformingthemto actuatorcommandsWe describeboth softwaresys-
temsin detail.

3.1 The AQUA Robot

The AQUA robot[16] is designedasan aguaticswimmingrobotthatis capableof
operatingboth on land aswell asunderwater A direct descendantf the RHex hexa-
podrobot[1], AQUA wasbuilt with undervaterapplicationan mind, one of which was
monitoring of marinelife (i.e. coralreef, sh population). The robot hasa waterproof
aluminumshell inside which the electronicsand sensorsare housed. Figure 3—1 showvs
the AQUA robotundervater on landandon snav, demonstratingts ability to operaten
differentervironmentsanddifferentterrainconditions.

3.1.1 Hardware
Propulsion
The AQUA robotusessix legsor paddlego swim undervateror walk on theground.

Thesdegsgivetherobottheability to turnsidevays(yaw), changedepth(pitch) androtate
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Figure3—1: AQUA in differentervironments.
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onits horizontalaxis(roll). Thereis only oneactuatoperleg, signi cantly reducingpower
requiredfor operatingthe legs. For our purposesgachleg hasthreemain controllable
parameterassociatedvith it: leg amplitude offsetand phase The amplitudeparameter
governsthe distancethe legs sweepalongthe sphericalarch during eachcycle. Offset
dictatesthe relative startingorientationof the legs to eachotherat the beginning of the
cycle. Direction of the leg motion is controlledby the phaseparametersf eachleg.
Thelegs generatghrustby moving accordingto presetgaits. Gaitsarea combinationof
leg parametershatgeneratea x ed motionfor a x ed setof parametersDependingon
whethertherobotis swimmingor walking, therearesereraldifferenttable-drvengaitsthat
canbe usedto drive therobotforward. Differentgaitshave differentpower consumption
rates,andalsoeffect the stability of therobotin differentways.For operationonlandand
in water differentsetsof legsareusuallyused,althougha new compliantdesignis being
testedthatcanbeusedequallywell in bothenvironments.

Sensing

AQUA is primarily asubmegedvision platform,with threecamera$eingtheprinci-
pal sensingdeviceson therobot. An Inertial Measurementnit (IMU) hasbeeninstalled
on boardfor orientationandacceleratiorsensing.Two camerasare mountedin the front
andonein theback.Oneof thefront camerass a|[EEE1394(akaFireWre) digital camera
from PointGrey Researcltonformingto the IndustrialandinstrumentatiorDigital Cam-
era(lIDC) standardandit interfaceswith the vision processofor visual senoing. The
othertwo camerasare analog,and provide streamingvideo for remoteoperatorcontrol.
Thereareinternalsensordor monitoringthe currentstateof robot health;theseinclude

batterypower andpower consumptiorevelsfor theleg motors.
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Power

AQUA is a self-sustainingobot, poweredinternally by two NiMH batteries.These
batteriescanpower therobotcontinuouslyfor overthreeanda half hours.

Computing

AQUA hastwo computerson board,onefor gait control and the otherfor vision-
relatedprocessing.Both computersare of the PC104/Plusorm factor dueto the space
restrictionsinside the robot. Thesetwo computersalongwith the additionalport and
interfacecircuit boardsstacled on top of eachother connectvia the ISA andPClI buses.
As such,thesewill be referredto asthe control stadk and vision stak throughoutthis
dissertation.

The control stackhasa Pentiumlll processqr256MB of RAM anda 256MB Com-
pactFlashcard for secondarystorage. Due to its real-timerequirements|t runson the
QNX real-time operatingsystem(RTOS). The control stackis tasked with controlling
robotmotionby manipulatingtheleg actuatorsn real-time.

Thevision stackis responsibldor processingisual data. Currentlyit is beingused
for visual senoing only, but future goalsareto usethis processofor undervater stereo
algorithmsandVSLAM with AQUA. It is poweredby a Intel Pentium-Mprocessowith
a maximum clock speedof 1.4 GHz. The boardhas2MB of on-chip cachememory
and 1GB of RAM, which contritutesto fastervision processing.A 512MB Compact-
Flashcardis beingusedassecondargtorage We areusinga custom-lilt versionof the
Linux operatingsystemon the vision stack. The sernoing codeexecutesunderthis ervi-
ronment. Taking advantageof advancedpower managementfieaturesof the Pentium-M

processqmwe designedhevision stackoperatingervironmentto be capableof scalingthe

24



CPUclock frequeng to presere batterypower. This particularmodelof the Pentium-M
processorcan be scaledfrom 1.4GHzdown to 150MHz. During idle periods,the CPU
slowly scalesdown to the lowestclock setting,but jumpsto the highestspeedinstantly
on-demand A PC104/Plug-ireWre interfaceboardenableghe vision stackto interface
with the FireWre cameras.

Both the control and vision stackshave on-boardserialand Ethernetports. These
portsareusedfor theIMU andcommunicatiorbetweerthe stacksyespectiely. Poverto
the boardsaresuppliedusinga custom-designetardware controllerboardknown asthe
RHIO card(RHex Input/Output).

Communication

Thereareseveralcommunicatiorchannelsn the AQUA robot. Communicatiorfrom
thecamerao thevisionprocessois overtheFireWre bus,asalreadystatedn theprevious
section. The vision stackcommunicatesvith the control stackvia the Ethernetports,
utilizing the UDP protocol. Outputsfrom the two analogcameras|MU readings.robot
controlandloggeddataarecommunicatedrom therobotto the operatomplatformon the
surfaceover a ber optic tether The Opemator Control Unit (OCU) is connectedo this
ber andprovidesthe operatomwith the visualdatarequiredfor teleoperation.

A cut-awvay sectionof therobotwith interiorcomponentareshavnin Fig. 3—-2. The
hardwareandsoftwaresystemsareexplainedin detailin thefollowing two subsections.
3.1.2 Software

The taskof visually guiding the AQUA robotis a two stagesoftware process.The
rst stageis performedn thevision stack,wherethetametis tracked androbotpitch and

yaw commandsaregeneratedThe secondstageacceptdheseyaw andpitch commands
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Power
Two MIL-spec NiMH batteries allow

AQUA to operate for over 5 hours

—_ underwater. Tool-less battery replacement
_» allows quick and easy swaps for rapid

= redeployment.

Computation

AQUA operates with a Pentium

CPU on a PC/104 stack and relays
command and sensor information via a
fiber optic tether.

Shell
Rugged shell design provides ample
seal for up to 20m water depth and
heavy impact protection.

Propulsion
Multiple iterations and tests have brought

the biologically inspired flippers to generate
optimal thrust. Experimentation with new

Vision swimming gaits has allowed for further

2 front board cameras and 1 rear allow for improvement of AQUA's underwater performance.
remote operation of the robot. Future work

will allow for visual servoing and stereoscopic

3D terrain mapping | mass = 18.5kg (ballasted for salt water)l

Figure3—2: AQUA hardwarecomponents.

and generateseg actuatorcommandghat actually enableshe robot to performthe re-
guestedmaneuer. In both stagesthe softwareis written in C++, with the emphasion
smallfootprintandfast-eecutingbinariessuitablefor anembeddedystem.Thesoftware
systemof thesetwo stagesarediscussedh thefollowing two sections.
Visual Servoing Software
Thevisionsoftwarebasednanopen-sourceisionlibrary calledvVXL (Vision“some-
thing” Libraries} . VXL is a suite of packageslesignedor creatingefcient andfast

programsgfor computervision relatedapplications.VXL includeslibrariesfor numerical

L www.sourcefoge.net/projects/vxI
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algorithms,image processingcoordinatesystems camerageometry stereo,video ma-
nipulation,structurerecovery from motion, probabilitymodelling, GUI design classi ca-
tion, robustestimationfeaturetracking,topology structuremanipulationrand3dimaging,
amongothers. VXL also providessystem-independembolkits for cross-compilecom-
patibility.

We looked at creatinga modular extensiblesoftwarebasesothatenhancementand
integrationof advancedeaturesn the futurewould be signi cantly easier The objectin-
heritancecapabilitiesof the C++ programmindanguageprovideduswith toolsfor achies-
ing thatgoal. Froma functionalpoint of view, the codebaseis madeup of visualization
and userinterfacecodefor developmentandtestingof algorithmsof ine, off the robot.
A subseibf thatcodeis compiledandinstalledinto the robot beforeactualvisual seno-
ing runs. This modelallows for shorterdevelop-test-deplp cycles. Screenshotsf the
trackingtestbedunningwith full graphicaluserinterfacecanbe seenn Fig. 3-3.

More detailsaboutthe visual serwing softwareandexperimentaketupwill begiven
in chapters$ and6.

Control Software

Control of robot motion is supervisedoy coderunningin the control stack. In all
robotsderived from the original RHex, control softwareis written usinga library called
RHexLib (RHex Library). As thenumberof RHex derivedrobotsincreasedihe RHexLib
library grew into a packageof robot-independenand robot-dependentode, with code
speci ¢ to eachrobot having their separatespace unrelatedto otherrobot codes. This

packagés known asthe RoboDevel suite. AQUA controlcodehasbeenderivedfrom the
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AQUA Tracker AGQUA Tracker

File Camera Trackers Movies

File Camera Trﬁ | Movies

Tune Color Blob Tracker Ctri+1 |
Run Color Blob Tracker ctri+2
Change Blob view Ctrl+3
Tune Histogram Tracker ctri+4 |
Run Color Histogram Tracker Ctrl+5
Tune MeansShift Tracker Ctri+6
Run Meanshift Tracker ctrl+7

(a) Main Interface (b) The Tracker ControlMenu

Figure3-3: Screenshotef theVGUITracker application.

RHex codebasebut a large numberof enhancementaswell asnewer innovationshave
beenmadein the AQUA codethatdistinguishit from the original RHex software.
Thestructureof controlcodein AQUA is similarto aclient-sener architecturewith
therobotrunningthe RoboDevel “supervisor” code,andtherobotcontrolmachinerun-
ning the “operator” code.RoboDeel alsocomeswith a simulatorfor RHex robotvisu-
alization, called SimSect. In casewherethe realrobotis beingoperatedthe supervisor
communicatesit a very low-level to the robothardware;legs, inertial sensorandhealth
monitors. The operatorcommunicatesvith the supervisowusinga point-to-pointprotocol
over a seriallink thatrunsthroughthe ber optic tether A full-featuredgraphicaluser
interfaceis available at the operatorterminalfor easyaccesgo all the robot control pa-
rametersaswell ashealthandsystemmonitors.ThecontrolGUI canalsobe operatediia

awirelessgamepado assistherobotdriver. A screenshoof the GUI duringa simulated
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undervateroperationof therobotis shovn in Fig. 3—4belov. Notethedisplaysfor visual

serwing commandsn themiddle,theIMU readingsandcontrolsontop andthegaitcon-

trols at the bottomright, amongotherthings. The drawing of the robotto theright is an

outputfrom SimSectyia the Geomviev? tool.
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Figure3—4: AQUA operatorgraphicaluserinterface.

The robot supervisorand the visual senoing software communicatevia the UDP

protocol,usinga customcommunicatiorclass.Communicatiorbetweerthetwo software

2 http://www.geomviav.org

29



VisionCommand

+Vis Pitch Command: float
+Vis Yaw Command: float
+Vis_Speed Command: float

Figure3-5: Vision commandiatastructure.

modulesareuni-directional with theserwoing softwaresendingpitch, yaw andspeedom-
mandsto the robot supervisar The structureof the vision commandpaclet is shavn in
Fig. 3-5.

We optedfor the the UDP protocol, sincefor TCP connectionsthereis an added
overheadof connectionsetup,becauseof its state-orientedhature. UDP, on the other
hand,is statelessndprovidesno guarante®f paclet delivery, but ata high rateof paclet
transmissiorover a shortdistance thereis virtually no paclet loss. Our applicationis
robust enoughto remainstablein casea paclet or two fails to reachthe control stack.
The vision stackcommandpaclets are sentat the rate eachframeis processedrom the
cameraWe currentlyusearateof 15 frames/seconttom the FireWre camera.

The diagramin Fig. 3—6 shovs a UML classdiagramfor the software components
residingin the vision stackthat performstrackingandrobot commandgeneration.The
completesoftwarearchitecturas demonstratech Chapters, in Fig. 5-6.

3.1.3 The SystemEnvironment
For the vision stackwe did not requirehardreal-timecapabilities,hencea custom-

tailoredversionof the Linux OperatingSystemis usedasthe environmentfor the visual
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serwing code. We built the OS from the source,compiling all the binariesfor the target

PC104/Plugplatformto optimizeruntimeperformancendreducesizeof the executables.

Somesalientfeaturef this OSarelisted below.
Storage The storagemediumis a 512 megabyteCompactFlasttard, with very
little power requirementascomparedo micro-sizeharddrives. The resistancdo
shockimpactandvibrationis alsofar greateffor CompactFlasleards( 2000Gs for
CF against12G's for MicroDrives). The downsideis the limited numberof write
cyclesthatcanbeperformedona CompactFlaskeard. To extendtheworking life of
the CF card,we storedall thetemporarysystemogsandcacheles on RAM disks
createdduringthe Linux bootup. The entirestoragespacewaspartitionedinto two
sections,oneread-onlyfor the operatingsystemof roughly 100 MB andthe other
around400MB, for storingimagesandvideofrom the Fire\Wire camera.
Kernel A monolithickernel(version2.6.11 |latestat thetime of theexperiments)s
used,with all device driversandmodulesbuilt right into the kernel,to reducethe
lateng in activatingdevices. Thisincreasedhekernelsize,but reductionof module
les andotherunnecessargomponentsnorethancompensatetbr thatincrease.
Startup To ensureafastandresponsie systenstartupwe startavery smallnumber
of services(or daemons),The boot partition is mountedread-only so we disable
le systemchecksatthe startup.All systemlogsandtemporaryles arestoredin
the memory in temporaryRAM Disks , which allows usto usea read-onlyboot
partition.
Network ThevisionstackusesEthernetonnectiorto communicatevith thecontrol

stack,whichis setupwith a staticlP addressWe alsohave provisionsfor Ethernet
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over FireWre, whichenablegheuseof EthernefprotocoloveraFireWre link. The
vision stackalsosupportdoth SSHandTelnetconnectiongor remotelogins.

In the next chapterwe discusghe trackingalgorithmswe usedin our problem.The

theorybehindeachof thesealgorithmsareexplained,aswell astheadvantagesnddisad-

vantage®f eachmethod asrelevantto our application.The applicationof thesemethods

in the AQUA visualsenoing applicationis discussedh detailin Chapters.
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CHAPTER 4
Visual Tracking and Control

We discusghetheorybehindthe trackingmethodsusedin our work in this chapter
All ourtrackingalgorithmsarebasedn color cueshencewe focuson colorspaceandim-
pactsof lighting on color. Thethreetrackingmethodsusedhave increasingcomputational
costandcompleity. We justify the needfor usingthreetrackingmethodsandpoint out
theadvantagesanddisadwantage®f each.The chapterconcludesvith acomparatie dis-
cussionof thethreeapproacheslmplementatiordetailsfor thesetrackingalgorithmsare
explainedthoroughlyin thefollowing chapter We begin, however, with ashortdiscussion
of the physicsof light in undervaterervironment.
4.1 Underwater Light and Vision

In undervater ervironments,illumination dependon depth,refraction,scatterand
absorptiorof thewatermedium.Of all thesunlightreachinghesurface only 18%reaches
adepthof 18 metersand1% reached00meterg41]. The mostimportantreasorfor re-
duceadvisibility undervateris thesmalldifferencebetweerrefractive indicesof thehuman
eye andthewatermedium.Onair, refractionindex of light is almostcloseto 1, andthatof
thehumaneyeis 1.38. This differences sufcient to form imagesontheretina.ln wateg
therefractveindex is 1.34,reducingthedifferencegreatlyandforming imagesar beyond
theretina. Diverstendto usemasksor gogglesto form alayerof air betweerthe eye and

thewateroutsideto ensurevisibility is nothamperedlueto this lack of refraction.
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Thethreephenomenoeffectinglight undervaterarebrie y describedelow, andare
illustratedin Fig. 4-1.

Refraction : Refractionis the effect which causedight raysto bendwhile passing
from one mediumto another This effect happensvhenlight passedrom water
to the cameraor humaneye undervater Refractioncanchangethe perceptionof
distanceof objectsundervater makingobjectsappearat three-fourthghe distance
thanthey actuallyare. At greaterdistancethis effect might be reversed;causing
objectsto appearfurther away thanthey are. The moreturbid the watet the less
thedistanceat which this effect or over- or underestimatiownf distancecanhappen.
Again, when light passedrom air into the water throughthe surface, the water
causegaysto enterat variousanglesdue to waves, and also throughthe water
columndueto variablelevelsof salinity.
Scatter: Scatteroccurswhenindividual photonsof light arede ectedor diverted
whenthey encountessuspendegarticlesin thewater Althoughscatteringalsooc-
cursin air, it is of muchgreaterconcernunderwaterbecausdight is diffusedand
scattereahotonly by thewatermoleculegshemseles,but alsoby all kindsof partic-
ulatematterheldin suspensioim thewatet andby transpareniiologicalorganisms.
Normally, scatterinterfereswith vision becausét reduceghe contrastoetweernthe
objectandits backgroundyhich is why visionis somuchmorerestrictedn water
thanin air; for the samereasorevenlarge objectscanbeinvisible at shortviewing
distances Evenmore problematids the factthatthis scatteringcanbe wavelength
dependenandnon-uniform affectingtransmissiorf colorhues.In addition,acuity

or perceptiorof smalldetailsis generallymuchpoorerin waterthanin air, despite
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the factthatthe opticalimageof an objectunderwateris magni ed by refraction.
The deteriorationincreasegyreatly with the distancethe light travels throughthe
water largely because¢heimage-formingdight is furtherinterferedwith asit passes
throughthe nearlytransparenbodiesof the biomasswhich is composef organ-
ismsrangingfrom bacteriato jelly sh.

Absorption : Light is absorbedasit passeshroughthewater andmuchof it is lost
in the process.In addition, the spectralcomponent®f light, the wavelengthsthat
giveriseto ourperceptiorof color, aredifferentiallyabsorbedTransmissiomf light
throughair doesnot appreciablychangeits spectralcomposition,but transmitting
light throughwater eventhroughthe clearestwater does,andthis canchangethe
resultingcolorappearancbeyondrecognition.In clearestvater longwavelengthor
redlight is lost rst, beingabsorbedatrelatively shallov depths.Orangeis Itered
outnext, followedby yellow, greenandthenblue. Otherwaters particularlycoastal
waters, containsilt, decomposinglant and animal material, and planktonand a
variety of possiblepollutants,which add their speci ¢ absorptiongo that of the

water

4.2 The Visible Color Space

Usingcolor featuresn visualtrackingis anattractive optionbecausef its simplicity

and robustnesaunder partial occlusion,depthand scalechanges. Tracking color cues

helpsone avoid using complicatedand computationallyexpensve featuretrackers that

may well be infeasiblein real-timeapplications. In spite of the apparentadvantagef

color tracking,thereexists somesigni cant problemsthatneedto be addressetb design

arobustandaccuratecolor tracker. The biggestproblemexisting with color cuesis color
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Figure4—1: Phenomenaffectinglight undervater

constang [12]. Color constang is de ned asthe removal of color biasdueto effect of
illumination. Issuedik e shadavs, changen illumination andcameracharacteristiceffect
thephenomenowf color constang. Keepingin mind thereal-timeperformancelemands
fromthetracker, we seekarobustandef cient representationf theobjectcolors,resulting
in fasterandaccuratecomputation.

In the following subsectionwe rst describethe RGB color spacewhichis a basic
color spacewidely usedto representolorimagesin imageprocessingystemsWe show
the propertiesof the RGB spaceandthe shortcomingsyhich in uenced our decisionto
move to themorerobustHSV color spaceor ourtrackingapplications Both color spaces
arepresentedbrie y, asa precursotto understandinghe applicationof the threetracking

algorithmswe usedin AQUA.
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4.2.1 RGB Color Space
The Red-Green-Bluer the RGB color spacerepresentshe basicapproachin repre-
sentingcolor digitally. The RGB spaceusesa Cartesiancoordinatesystemandforms a

unit cubeasshown in Fig. 4-2.

G

Figure4—2: The RGB color space.

Eachcornerof the cubelying on an axis representshe point wherethe color repre-
sentedby the axisis maximum,with othercolorsabsent.The origin representdlack, as
all coloramountsarezero. Thediagonalemanatingrom theorigin to thetop-rightcorner
of the cube(representingvhite) is the locusof pointswith equalamountsof eachcolor.
This is alsoreferredto asthe gray diagonal Viewed from top, with the white-cornerin
thecenterthe cubeontheleft canbe seenasatwo-dimensionakquilaterahexagon,with

thewhite-corneroverlayingtheblack.
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4.2.2 HSV Color Space

The Hue-Saturation-glueor HSV modelwassuggestedio capturethe artisticideas
of hue,tint, shadeandtone. Also referredto asthe hexconemodel,asshowvn in Fig. 4—
3,theHSV modeluseshue,saturatiorandvalueor brightnessasthe threedimensiondor

describingcolor, insteadof RGB values.

G \%

A

Bk

Figure4—-3: TheHSYV color space.

Brie y, hueis thedimensionon which the principalcolor pointslie. Saturatiormea-
suresthe distanceof a color point from the white or grayvalue,alsoknown asthe achro-
matic Value,ontheotherhand,measureshedistanceof color from the color black.

Therelationshipbetweernthe RGB modelandthe HSV modelcanbe seenfrom g-

ures4—2and4—-3. Theorthogonaprojectionof thetop surfaceof the RGB cubealongthe
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graydiagonalfrom whiteto bluecorrespondso a planein theHSV hexconewith constant
V.
4.3 Color Blob Tracking

The simplestapproactto color basedrackingis usinga segmentationalgorithmto
detectobjectsof interestusingtheir color features.The outputof the segmentatioralgo-
rithm is (possiblydisconnectedjegionsin a binaryimagethatmatchthe color properties
beingtracked. Theseregionsaretermedblobs’, andhencetheapproachs known ascolor
blob tracking. We attemptto form theseblobsthrougha thresholdingprocessBYy thresh-
olding, we refer to the operationwherepixels areturned'on’ if andonly if their color
valuesfall within a certainrangeandturned'off' otherwise.

Thebasiccolor blob tracker is a straightforvard algorithm. Thetraclker 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, sequentiakcanning
is performedon the image, pixel-by-pixel. The pixel falling within the thresholdof the
colorvaluesof thetarmgetareturnedonin theoutputimage,andotherpixelsareturnedoff.
Figure4—4 belowv shavs the segmentationoutputof trackinga red object. The targetis
framedby ayellow rectangleor clarity.

The tracker wastunedbeforehando the red rectangulatargetin Fig. 4-4(a). The
segmentatiorproducedheimagein Fig. 4—4(b). Thetrackingalgorithmdetectghis blob
in the binaryimagein every frame,andcalculatedts centroid. This centroidis taken as
the new targetlocation. This processteratesover every frame,andthetarmgetis localized

in theimageframe.
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(a) Trackingred (b) Segmentedbutputshaving the blob

Figure4—4: A color blob tracker trackinga red-coloredbiject.

The obvious downsideto usinga nawe color blob tracker asexplainedabove, is the
presencef duplicatetargets. For example,in Fig. 4—4(a)above, if any otherredcolored
objectappearsn the scenethe segmentationprocesswill generateanotherblob for that
object. This secondblob will effect the calculationof the centerof massfor the tracker;
theeffectwill bemoreprominentf thetwo generatedlobsaredisconnected;e. further
away in theimageframe. Therefore the tracker works only accuratelywhenthereareno
similarly-coloredobjectin thecameras eld-of-view.

Severalapproacheso addresghis problemhave beensuggestedOneway to avoid
tracker confusionin the presencef duplicateobjectsis to useshapecuesto identify the
properobject. This, of courseworks only whenthe 'f alse' targetis of a differentshape
from the 'real’ one. Also, incorporatingshapedetectionis a computationallyexpensve
processandshaperackerscanbe confusedy lighting variations,andlock on thewrong

tamget.
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Anotherway of makingaablob tracker morerobustis to usea statisticalapproacho
chooseheproperblobto track,for exampleby usingMonte-Carlobasednethoddik ethe
ParticleFilter. Particle Iters have beenextensvely usedin computervision andtracking
applications,rst introducedasthe Condensatiomlgorithmby IsardandBlake [23]. The
Condensatiomlgorithmworkswell with contoursandblob-traclers,but it is aniterative
processwhich wouldincreasecomputationaloadsigni cantly.

In the following subsectiorwe look at a morerobust approachthanthe naive color
blob tracker, which appliescolor distribution matchinginsteadof a singlecolor range.
4.4 Color Histogram-basedTracking

A color histogramrepresentshe distribution of color in animageor a region of an
image. Color histogramsare usefulfor characterizinghe color contentof a givenimage
or imagesub-windav, and have beenappliedfor imageretrieval applicationsaswell as
videoindexing andlookup. Formally, a histogramh; is a mappingfrom a d-dimensional
integervectori to thesetof non-ngatvereals.Thesevectorscanbethoughtof as'bins’;
eachbin representhe centerof aregionin a x ed partitioningof the underlyingfeature
space For agrayscalemage,the histogramis onedimensionalj.e d = 1. Similarly for a
colorimagerepresentedsingthe RGB spacethe histogramwould be 3 dimensional.ln
both casesthe setof possiblecolor valuesfor eachdimensionis split upinto N equally-
spacegartitions.h; containghenumbetrof pixelsthathascolorvalueswhichfall between
theinterval speci ed by the index i. Computationallythe color histogramis formedby
discretizingthe colorswithin animageandcountingthe numberof pixelsof eachcolor.

The size (andnumber)of the bins andthe rangeof valuesthe histogramcountsare

importantparametersincethesecontrolthe effectivenes®f the histogramin representing
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the color distribution of the underlyingspace.A coarse histogram haslessemumberof
binsthana ne histogram Coarsehistogramsarenot a goodchoicewhenthe underlying
imagehasa multitude of hues.On the otherhand,for animagewith a few colors,a ne

histogramwould be an overrepresentationand would also lead to wasteof storageas
mostof the binswould be empty

The color histogramtracker works asfollows. First, a histogramof the targetto be
tracked is created. This histogramis storedasthe target modelhistogram This is the
preprocessingtage.During the trackingstage every incomingframefrom the cameras
dividedinto rectangularegionsandtheir histogramsare calculated.The similarities be-
tweenthenew candidatehistogramandthetargetmodelhistograms calculatedollowing
oneof several possibledistancemeasuresgto be discussedelon). The subwindav with
the highestmatchis choserasthe probablesubwindav containingthetarget. The pattern
of scanningheimagefor thetargetcanbe donesequentiallyor in a spiral patternstarting
from thelocationof targetfoundin the previousframe.Dependingon theapplicationthe
sizeandshapeof the subwindav canalsobe madeto changedynamically althoughthat
makesthetracker computationallyslightly expensve.

Thefollowing sequencesf imagesin Fig. 4—-6 shows the operationof a histogram
tracker. Thetargetto be trackedis the shav in Fig. 4-6(a). A one-dimensionatolor
histogramof thetargetis shovn in Fig. 4-6(d).

Figure4-5 shaws the trackingstage with x ed size subwindavs andsequentiale-
gion search. The window wherethe tracker detectsthe target is shavn in Fig. 4-6(b)

andits histogramis in Fig. 4-6(e). A subwindav not containingthe targetandits color
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Figure4-5: Rectangulasearchwindows.

histogramare shovn in Figures4—6(c)and4—6(f) respectiely, for comparisorwith the
targethistogramshown in Fig. 4—6(d).
4.4.1 Measuring Similarity betweenhistograms

At the heartof thehistogram-basettacler lies the similarity measuremennetricfor
comparingtwo histograms. The similarity measuras a function of the two histograms
thatreturnsa scalarvalueindicatingtheamountof similarity betweerthetwo histograms.
Basedon the way the bins are comparedthesemeasuresre of two fundamentatypes.
Oneapproactis to only comparecorrespondingdpinsin thetwo histogramsin a'bin-by-
bin' fashion. The other methoddoesnot limit the comparisonbetweensimilar bins in
the two histogramsput extendsthe comparisonn a 'cross-bin' approach.We discussa
few of the measureswvailableamongmary; the onesdiscussedave beenusedon board

the AQUA robotfor visual trackingwith color histograms.Oneimportantpoint to note
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Figure4—6: Comparisorbetweerhistogramf differentsubwindavsin aninputframe.
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iIs amongthe similarity measuresliscussedthereis not one which is clearly superior;
instead,we stressthe fact thatthe selectionof the measures very muchapplicationde-
pendant.

The following subsectiongliscussthe issueof measuringsimilarities betweentwo
histogramdd andK , bothhaving thesamenumberof bins,N . Thesemeasuremenisnly
comparethecorrespondinginsof bothhistogramsi.e. they compareh; andk; fori = J,
whereh; andk; arethei-th binsof histogramdd andK respectiely..

Histogram Intersection Measure

The histagramintersectionsimilarity measuements calculatedusingthe following

formula: b
i min (h;; ki)
—P—
i ki

Thismeasuremertasbeenprovenusefulin comparinghistogramf differentsizeq37].

d(H;K)=1 (4.1)

The 2 (Chi-Squared) Measure
The 2 (chi-squared)netricis ameasuremertf the probabilitythatonedistribution

wasdrawvn from theother The 2 measurés calculatedoy:

(hi  my)?

d:(H:K)=1 -

(4.2)
where,
m = itk
T2

The 2 metricdoesnot permitthe datain the underlyingdistributionsto be percentages;
they mustberaw data. Also, the measuredralueshave to be independenand obsened

frequenciesnustnotbetoo small.
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The Bhattacharyya DistanceMeasure
The Bhattacharyyacoefcient hasa direct geometricinterpretationwith respectto
two distributions; for two m-dimensionalunit vectorsp andg, it is equalto the cosine
of the anglebetweenthem. The Bhattacharyyalistancebetweentwo histogramsanbe
foundusingthefollowing expression:
Q¢ f—
Bhattachar yya(H; K) = kih; (4.3)

i=1

Jeffrey's Divergence

Jefrey's Divergencehasbeenderived from the Kullback-Leibler(K-L) divergence.
TheKL divergencemeasureas aninformationtheoreticmeasurehatcanbeinterpretedas
theinef ciency of transformingonedistribution to the otherusinga codebook. The KL
measurehoweveris sensitve to quantizatioreffectsin the histogramcomputation(i.e bin
size).Jefrey's divergenceis anempirically derved divergencethatis numericallystable,
insensitve to histogrambinning and alsorobustin the presencef noise. The Jefrey's

divegencemeasuref similarity is calculatedasfollows:

(H:K)=1 X (hilog " + kilog ) (4.4)
J ’ - - 1 gm| 1 gm| .
where
hi + k;
m; = '2 : (4.5)
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4.5 Mean-shift Tracking

Mean-shifttrackingperformsvisualtrackingby attemptingto maximizethe correla-
tion betweertwo statisticaldistributions. The correlationbetweerthe two distributionsis
expressedisa measuremenderived from the Bhattacharyyaoefcient describedn the
precedingsection. Mean-shifttrackershave beenusedto track objectsbasedon color or
texture,by building a statisticaldistribution of thefeaturebeingtracked. We introducethe
basicconceptdehindmean-shiftrackingin the next paragraphs.

For ary densityfunction,themeanx of a setof samplex tendto be biasedtowards
alocalmode,i.e. alocal maxima.Themean-shiftvector x  x pointstowardsthis local
maxima. Basedon this mean-shiftproperty trackingis performedas describedn the
following steps:

I A probability distribution modelof thetarget T is built, basedon color, texture or
ary otherfeature.We call this modelp. This modelis overlayedwith anisotropic
kernelwith a cornvex andmonotonicallydecreasindcernelpro le. This stepassigns
weightsto eachpixel in the targetregion, with centerpixels having moreweights
thanthoseontheperiphery Thisdistribution of weightsincreasesobustnessgainst
occlusionsincethe pixelsontheboundarydo not have large weightsassigned.

Il Startingfrom the previous locationk, of the target, a nev model of the tamget is
generatedt the samelocation. This candidatemodelat locationky we denoteas
d(ko)-

[l Theweights,asdescribedn stepl, arecalculated.agescribedn stepl
IV The new locationk; of the tamget is calculatedrecursvely, using the mean-shift

procedure.
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V If the shift amountbetweenthe new andold locationsis smallerthanan arbitrary
small constant , the algorithm stops. Otherwise ,we assignk k; anditerate
from steplll.

4.6 A Comparison

Eachof thethreetrackersin thesystemhave desirabldeaturesaswell assomepoten-
tials caveats,aswe will discussn detailin Chapter6. Thecolorblobtrackeris inherently
simple,easyto implement,andhasa runningtime directly proportionatlto theframesize.
This runningtime emegesfrom the needto rasterscanthe imagepixel-by-pixel to check
for color matcheswith the target object. For a high frame-rateand a large frame size,
the computationatostsincreasesigni cantly, althoughwe have usedmediumresolution
(i.e. 640 480 sizeframesat 15 frames/secontb keepthe computationabverheadow.
Intensitynormalizationof theinput framealsoreducegheeffect of lighting changesThe
appearancef a similar-coloredobjectin the cameraeld of view canconfusethe color
blob tracker.

The color histogramtracker, unlike the blob tracker, is suitablefor tracking multi-
huedobjects. We use x ed bin sizesfor histogramsandcomparethe targetregion with
x ed sizewindowed regionsin the image. The advantageof the histogramtracker over
the color blob tracker is in the ability to tracka variety of coloredobjects,bothmulti and
singlecolored.Thealgorithmalsohasa runtimeproportionalto the framesize.

We usenormalizechistogramdor ourapplicationwhichreducesheeffectof bright-
nesschange®n color matching.Thetracker is morerobustto trackingin the presencef
multiple objects,sincetwo objectshasto have the samedistribution of color to confuse

thetracker. The computationatost,althoughlinear, is signi cantly morethanthatof the
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Table4-1: Tracker comparisortable.

Tracler Computational  TargetColor Properties Effectof Lighting
Cost Variations
ColorBlob Low Singlecoloronly Moderate
ColorHistogram Moderate SingleandWiderangeof col- Moderate
ors
MeanShift High SingleandWiderangeof col- Low
ors

color blob tracker. This costis incurreddueto the computationof color histogramsof
every rectangularegion we scanfor the occurrencef the object.

The mean-shifttracker is the mostcomputationallyexpensve of the threetrackers.
It is alsothe mostrobust. The mean-shiftvectortrackschangesn underlyingcolor dis-
tribution andfollows the targetin successie frames.The processs localized,in a small
region of the image,and no rasterscanof the imageis performed. However, the color
distribution of thetargetandcandidateegionshave to be computedasis their probability
densityfunctions. Thesecomputationsncreaseheoverall runningtime for thealgorithm.
On the other hand,the mean-shifttracker is more robust to changesn lighting and ap-
pearanc®f duplicateobjectsin the frame.We have foundthis tracker to work well under
partialocclusionandclutteredernvironmentsaswell. We discusgheperformancesf each
in detailin Chapter6.

Table4—1present@a summaryof thethreetrackingalgorithms,comparinghedegree

of maindesirableandundesirabldeatures.
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4.7 Preliminary Control Theory

This sectionintroducesseveralkey conceptselatingto Control Theory Controlthe-
ory dealswith the behaior of dynamicalsystemsover time, i.e. systemsthat change
propertiesover time. Whenone or more outputvariablesof a systemrequiresto be set
at a certainvalue,the Controllerattemptgo manipulatethe input of the systemto adjust
the outputto the desiredvalue. Visual senoing of the AQUA robotquali es the system
asa dynamicsystem sincecontinuousvisual trackingof a target attemptsto control the
motionof therobot. We presensomefundamentadte nitions to aid understandingf the
controlprocesof the AQUA visual serwing system.A coupleof the following sections
brie y discusslters andPID control,with relevanceto the currentwork.
4.7.1 De nitions

We presensomede nitions to begin thechapter Thesearecommontermsin Control
Theory literature, and are only presentechereto familiarize the readerwith the basic

concepts.

Figured4—7: A simplefeedbacKoop.

The ReferenceVariable isthe nal outputvariableof the system.
ThePlant is thesystembeingcontrolled.

TheController is responsibldor manipulatingthe Plant.
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The Setpoint is thetarget value of the referencevariablewhich the controllerat-

temptsto maintainat all times.

In Open-Loop Control , theControllerhasnofeedbackrom the Plantasit attempts
to control the referencevariables. Open-loopsystemshave no sensitvity to the
dynamicsof the systembeingcontrolled.

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

is reducedby introducingfeedbackirom the Plantoutput. The Controllerreceves
as input both the referencevalue s and the output feedbackf . It measureghe
differencebetweerthe referenceand currentoutputasthe errore andchangeghe
inputi to thePlantaccordinglyasshovnin Fig. 4-7.

Stability refersto the factthatfor any bounded(i.e nite) inputto the Plant,the
outputof the Plantis alsobounded.Stability is essentiafor a well-controlleddy-

namicalsystem. This is alsoreferredto asthe Bounded-Input-Bounded-Outpot

BIBO stability.

4.7.2 Proportional-Integral-Deri vative Control

A Proportional-Inteyral-Derivative (or PID) Controlleris a standardclosed-loop

control that tries to control one or more referencevariableof a plant by "sensing”the

outputat a giventime andadjustingthe plantinput accordingly Theerrorsignalattime t

is thedifferencebetweerthe setpointandtheoutputof thesystemattimet. Thecontroller

treatsthe error signalwith threedifferentmultiplication constantr gains,asdescribed

below, justi es its name.

a TheProportional Gain, Kp is a negative term, which is multiplied with the error

signalandthe resultis sentto the output. The proportionalgain dictatesthe band
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over which the outputof the controlleris proportionalto the errorsignal. This gain
is responsibldéor makingthe controllerreactto the currentvalueof theerrorsignal.

b The Integral Gain, K, is multiplied with the integral of the error signal over a
(usuallyshort)periodof time, andaddedo the proportionaloutput.K ; denoteshe
steadystateerrorof thesystemandattemptgo remove errorsthathave persistedn
the systemover a periodof time.

¢ The Derivative Gain, Kp is usedto adjustthe responseof the controllerto the
changesn thesystem.Therateof changeof theerrorsignal(i.e. rst derivative)is
multiplied with K 5 andaddedto the sumof the two outputsabove. Thelargerthe
derivative gain,thefasterthe controllerrespond$o changesn theplant.

Equationd.6 belov shavstheform of a PID controller

z @
Output = Kp 7+ K; —Tdt+ KD@_t

Here, 7 is thetime-averagederrorsignalvalueattimet.

(4.6)

4.7.3 PID Controller Tuning

Tuning of a PID controllerrefersto nding the valuesfor the proportional,integral

anddifferentialgains.Dependingon whetherthe systemcanbetakenof ine or not,there

areseveralstandardapproacheto tuninga PID controlloop. In oneapproachthesystem

taken of ine andis subjectedto stepchangesin input andthe outputis measuredhsa

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

parameterslf, ontheotherhandthe systemcannotbetakenof ine, thevaluesof K, and

Kp canbe setto zeroandthe valueof K is increaseduntil the outputloop oscillates.

At this point, Kp is x ed andthenK, is adjustedto stop or substantiallyreducethe
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oscillation. Finally, the derivative gain K is usedto reducethe responsdime of the
system.
4.7.4 PID Controller Issues

In theory a PID controlleris robust and easyto tune for controlling a dynamical
system.n practice thealgorithmsuffersfrom afew dravbacks whicharisefrom thereal-
life imperfectionsof the systemsbeing controlled,the modelandervironmentalfactors.
Onecommonproblema PID loop suffers from is the delayin gettingthe outputof the
systemto ramp up to the desiredsetpoint. This is referredto asthe Integral Windup
phenomenonUsinga largeinitial valuefor the differentialgainor preloadingthe system
with a certainoutputvaluesometimesanreducethis effect.

A frequentlychangingcontrolleroutputis not alwaysdesirable asit mightleadto
mechanicalvearor unstablevehiclecontrol. A deadbandsalueis introducedn PID con-
trollersto preventthecontrollerfrom respondingo smallchangesn the plantoutput. The
deadbandle nestherangeof changen outputfor which the controllerwill notrespond
atall. In effect, this allows the controllerto respondo majorchangesn systemoutput.

Thedifferentialgaincancausehecontrollerto changats outputby alargeamountn
the presencef a smallamountof noisein the system.Passinghe measurementéirough
alow-passlter helpsreducethe effect of noisein measuredalues.In somesystemsthe
differentialgainis not usedatall, resultingin a Pl controlloop.

4.7.5 Filters

Frequeng domain Iters are usedin signal processingo block signalsof certain

frequenciedrom passingthrough. A certaintype of Iter allows only a certainbandof

signalsto pass,e.g. low-passlters only allow componentwith low frequeng to pass
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through,blocking high frequeng signals. Filters canbe analogor digital, dependingon
theapplicationdomain.Digital Iters canbeusedto implementany mathematicaltering
applicationthatcanbe expressedsanalgorithm.We constrainour focusto digital Iters
in this section.
4.7.6 In nite-Impulse ResponseFilters

In nite-ImpulseResponsdters aredigital counterpart®f analog Iters. Whensub-
jectedto animpulsefunction, lIR lters producea responsevhich is non-zeroover an
in nite time period. IR Iters usefeedbackrom the outputto createa form of recuisive
ltering thatresultsin anunendingmpulseresponseTheresponsés eitherexponentially
decayinggrowing or sinusoidal.

Thenext Chaptelnintroduceghetheorybehindvisualsenoing anddescribeshe sys-
tem implementationspeci cs in details. The tracker and controllerimplementationsas

well asthe systemservironmentcomponentsreexplainedin greaterdetail.
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CHAPTER 5
Visual Servoing Systemimplementation

This chapterdescribeghe implementationdetailsof the visual senoing systemin
AQUA. We discussin detail the tracker implementationscontrol loop designand the
entiresystemwith the communicatiorbetweerthe vision andcontrol stacks.The Linux
operatingervironmentfor the vision codewasbuilt from the scratchfor fasterexecution
times and small memory requirements. Salientfeaturesof the Linux environmentare
describedn this chapteraswell.

5.1 Visual Seroing

Visionis anexcellentsensingnediumfor roboticapplicationglueto its passve prop-
erty andverylittle powerrequirementin arealtime roboticsystemyisioncanbeapplied
to provide a closed-loopcontrol of the robot manipulatoror the entirerobotasa whole.
In context to our work, Visual Servoingrefersto the taskof controlling the robot's pose
by using feedbackfrom a vision sensar Visual serwing hasbeenusedextensvely in
themanufcturingindustry[31, 2] aswell asvision-assistedehiclecontrol. Hutchinson,
Hagerand Corke [22] hasan extensve discussiomaboutthe theoriesbehindvisual ser
voing andthe classi cationof visual sernwing methods Basedon whetherthetrackingis
performedn imageor taskspaceandthehierarchyof controlmechanismyisualsenoing
approachesanbeclassi edin four majorcategories.Figure5—1shavs themajorclasses

of visualsenwing approacheasmentionedn [22].
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Visual Servoing

Tracking Space Control Hierarchy
Image-based Position-based Dynamic Direct
Visual Servoing Visual Servoing Look-and-move Visual Servoing

Figure5-1: Typesof visualserwing, asdescribedn [22].

To elaboratdurther, sernwing mechanisncanbedesignedvith anintermediateobot
commandyeneratothatacceptseedbackrom thevision sensor&ndoutputsrobotmotor
controlcommandgor controllingrobotpose.Thesesystemsareknown asDynamicLook-
and-Move systemsThesystemsvheremotorinputcommandsregeneratedby theseno
systemdirectly arecalledDirect Visual Servosystems.In AQUA, the vision stacksends
yaw andpitchcommandso thecontrolstack whichin turngeneratesnotorcommandsor
eachof thesix legs,effectively working asadynamiclook-and-maee system Ourtracking
andtarget detectionis performedin imagecoordinateswhich makesit animage-based
seno system.In the following subsectiorwe discussa brief backgroundf image-based

visualsenoing.
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5.1.1 Image-basedseroing

In image-basedlisualsenoing, asdiscusse@arlierin thesection thetarmgetobjectis
trackedin imagecoordinatesThe positionof the objectin eachimageframeis expressed
in termsof image-spaceoordinatesnot real-world or task-spacdocations. In our case
we localizethe centroidof thetargetin two-dimensionalCartesiarcoordinatesnot three
dimensionareal-world coordinatesThe errorfunction", in this caseis de nedin <2, as
theEuclideardistancebetweerthe centerof theframeandthecenterof massof thetarget.
Thegoalis to reduce' suchthat" ! 0, astimet! 1 .

In spiteof de ning theerrorfunctionin imagespacethe motorcommandsrespec-
ied in task spacecoordinates;j.e. the yaw and pitch commandsare the samewhen
the robot would be tele-operatedy a remotecontroller This necessitates mapping
of changesn the imagecoordinateso changesn the positionof the robot. Theimage
Jacobianis usedto performthesechanges.

Let f be a featurevectorin theimagespace,r a vectorof robot translationaland
rotationalvelocities,andr _is therateof changeof thesevelocities. If k is the numberof
dimensionof theimagespaceandm is the numberof dimensionf the taskspacethen

theimageJacobians de ned asfollows:

2 3
@au(r) @u(r)
"@# @1 @m
Ju(r) = @ : : (5.1)
@ (r) @ (r)
@1 @m

The imageJacobiarrelateschangesn the imagespacevectorf to changesn the

velocity vectorr. Thevelocity vectorr is alsocommonlyreferredto asthevelocity screv
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in visual senwoing literature. The mappingfrom changesn image-spac¢o task-spacés

expressedy thefollowing expression:

f=Ju(r)r (5.2)

In image-basedisual sernwoing, the interestis in nding the robot velocity r_giventhe
rateof changen imagefeaturesd—. Hutchinsonetal. shovs [22] how to solve Eg. 5.2to
determineghevelocity scrav r_to achieve a desiredstateof theimagefeaturevectorf .

5.2 Tracker Implementation
Wediscussedhetheorybehindthetrackingalgorithmsusedn AQUA in theprevious
chapter This sectionandthe includedsubsectiongxplain in detail the implementation
speci c issuenf eachof thesetrackers.
5.2.1 Preprocessing
The color spacechosenfor blob trackingwasthe normalizedRGB spacewhich is
in effect an over-representetiue space.We chosethe normalizedRGB colorspacesince
the effect of lighting changesvere minimum, and corversionfrom RGB to normalized

RGB was not computationallyexpensve. The color framesobtainedfrom the camera
were640 480with 8-bits per pixel, with Bayerencodeccolor information. The Bayer
encodingschemes a methodof interpolatingcolor information of a pixel using color
valuesfrom the neighboringpixels,by usingonly 8-bitsperpixel insteadof 8-bitsperred,
greenandbluechannelsBayerencodingeducegsheoverall datasizeby one-thirdssince
only 8-bits per pixel areused,insteadof 24, with a concomitaniossof color resolution.
TheBayerpatternis speci ¢ to eachcameraandits CCD(Chage-Coupledevice, which

is the equivalentof Im in a'traditional' camera).To retrieve color data,a conversionis
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requiredfrom the monochrome8-bit Bayerencodedmageto a three-planeRGB image.
This RGB color imageis normalizedby dividing eachpixels RGB valueswith the sum
of the RGB values. Examplesof a Bayerencodedirame, the RGB color imageand a

normalizedRGB framecanbe seenn imagesb—2.

Figure5-2: A raw framefrom thecamera.

Thesepreprocessingtepsarecommonto all thetrackingmethodsdescribedelow.
5.2.2 Blob Tracker

The tracker is built on the principle of a Region of Interestoperator As discussed
in the previous subsectionthe RGB imageis corvertedto a normalizedRGB format.
addition,athresholdings performedntheabsolutesalue. Thisis donein orderto prevent
the darker areasof theimagefrom contributing to the region of interest. The parameters

for nding theregion of interestwith thetargetcoloris givenin normalizedRGB values
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Figure5-3: Bayercodedframes.

Figure5—4: Normalizedcolorframe.
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aswell (i.e hue). Thesevaluesare manuallytunedprior to the experiments.The image
is then sggmentedand only those pixels whose RGB valuesfall within the thresholds
areretained. To remove high-frequeng (or shot/salt-and-peppenoise[3], the median
Itering algorithm[4Q is usedover the segmentedimage with either 5-by-5 or 7-by-7
pixel grids, with typical thresholdvaluesof 30%-40%. The centerof massof the blob is
thencalculatedandthe total massof the blob is usedasa con dencefactor If it is belov
acertainthreshold(seta priori basedntheobjectbeingtrackedandlighting conditions),
the measuremenis ignored. Finally, the error signalis computedusing the Euclidean
distancebetweenthe centroidof the blob andthe centerof the imageframe. Two error
signalsareusedfor pitch andyaw, andboththesesignalsarethenpropagatedo the PID
controller
5.2.3 Histogram Tracker

Thehistogramntracker comparesectangularegionsof theinputframewith thetarget
region by comparingtheir correspondingolor histograms.The target color distribution
is storedby calculatinga normalizedhistogramof a x ed numberof bins, over the hue
space.We usedeither32 or 64 binsfor histogramsdependingn the targetandthe size
of theimageframe. The histogramsareone-dimensionalectorsthat combinethe multi-
hue channeldata. Similar histogramsare computedfor the searchedgubwindows. The
subwindavs have eitherone-eighthor one-sixteenttthe dimensionof the imageframe.
Similarity betweenhistogramsare computedby the measuresliscussedn the previous
chapter Sincethe histogramsarenormalized the measureseturnvaluesrangingfrom 0
to 1; highervaluesndicatinghigherdegreeof similarity. Theminimumsimilarity measure

is takenas0.5; any measuréelow this thresholdis not acceptedasa valid targetregion.
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The centerof thechoserwindow is takenasthe new targetlocation. As in the caseof the
blob tracker, thesecoordinatesare usedby the PID controllerto generatepitch andyaw
commands.
5.2.4 Mean-shift Tracker

Color histogramsare usedas the underlyingdistribution in the mean-shifttraclker.
The histogramsare three-dimensionaérraysin this case,one eachfor the three RGB
channelsWe usel6 binsperchannefor the mean-shiftracker. Thetargethistogramare
computedin a squarewindow of sidesequaling100 pixels. The color model probabil-
ity densityfunctionfor the targetis calculatedoy overlayingthe subwindav by a kernel
having the Epanechnikv pro le. The weightsfor the mean-shiftvector are calculated
usingthe Epanechnikv kernel(SeeAppendixA). Thetracker is initialized with the last
known locationof the tamgetandthe taget PDF model. In eachsuccessie trackingstep,
the candidatenvindow is createdat the locationof the lastknown target position,the can-
didatePDF modelis calculatedandthe weightsfor pixel arecalculated]eadingto a new
candidateposition. We use10 iterationstepsfor the mean-shifprocesgo choosea new
targetlocation. Also, thetargetandthe candidatevindow sizesarethe sameaswell. The
Bhattacharyydaistancebetweerthecandidatd®>DFmodelandthetargetPDFmodelis cal-
culatedto quantify the similarity betweerthe tamgetandthe newv candidatdocation. The
locationwith the minimum Bhattacharyyalistancels chosenasthe new targetlocation.
Themethodis basednthatof ComaniciuRamestandMeer|[6].
5.3 Controller Design

The trackers are ableto track the target at almost15 frames/secondand therefore

without Itering the controlstackwould bereceving possibly15 differentpitch andyaw
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commandairsfrom thevisualtracker. Changingcommandsentto theleg motorsatsuch
a highratewouldyield a highly unstableswimmingbehaior. A PID controlleris usedto
take thesetargetlocationsandproducepitch andyaw commandst arateto ensurestable
behaior of therobot. Thecontrollertakestheerrorsignalsfrom thetracker andgenerates
pitch andyaw commanddor the gait controller Giventhe input from the tracker at ary
instant,andthe previoustracker inputs, the controllergenerateeommandsasedon the
following controllaw:

£ @
= KpT+ K, _tdt+ KD@_t (53)

whereT is thetime-averagecerrorsignalattime t andis de ned recursvely as:
T= it T (5.4)

¢ istheerrorsignalattimet, Kp, K, andKp arerespectiely the proportional,integral
anddifferentialgainsand is theerrorpropagatiorconstant.

We usetwo PID controllersfor thepitchandyaw axes. Accordingly, therearetwo sets
of gainsfor eachof the threemultiplication constantgproportional,integral andderiva-
tive). Thesegainsare adjustedmanually beforevisual senoing runs. The closed-loop
control architectureof the visual serwing systemis seenin Fig. 5-5. The seno control
loopsindicatethe two differentPID controllersfor pitch andyaw aswell asthe different

controllergains,denotedK p for the pitchaxisandKy for theyaw.
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Figure5-5: Closed-loopseno control.

For eachof the pitch andyaw axes,thecontrolloopswork identicallyasfollows. The
controlleractsasalow-passlter , smoothingout fastchangingpitch andyaw commands
by averagingthemover a periodof time. The seno moduleimplementsa PID controller
with a rst-order IIR Iter. We de ne a time constantfor the low-pass Iter for each
PID controller The controllergainsareinput manually asmentionedearlier with limits
to truncatethe gains. Eachaxis hasa deadbandimit appliedto the error signal. This
preventsthe controller outputfrom changingtoo frequently by ignoring small changes
in the error signal. We alsointroducea sleeptime betweeneachiterationin sernoing to

reducecommandoverheadf the control stack.
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5.4 Software System

As mentionedbeforein Chapter3, the visual serwing codeis basedmostly on the
VXL library. In particular we have usedVXL to provide the fundamentaimage pro-
cessingalgorithmsanddatastructuresandour algorithmsareimplementedvith theseas
the building blocks. The FireWire cameracodeusesanotheropen-sourcdibrary called
CamWire! , by JohannSchooneesCamWre encapsulatethe low-level cameracontrol
codeprovidedby thelibdc1394Linux library, makingit easierto write andorganizecam-
eracode. The tracking software hastwo modesof operation. During developmentand
testing,we usea graphicaluserinterfaceto interactwith thetrackersin real-timeandex-
perimentwith theoutput. The GUI library signi cantly increaseshesizeof theexecutable
andis not suitablefor deploymentin therobot. The versionon therobothasno GUI, but
usesthe Linux shellto interactin a commandine environment. This reduceghe size of
the executableandspeedsaip execution. Thetrackingalgorithmson both casesaresame,
theonly changebeingthe userinterface.

The overall softwarearchitecturdor the visual serwing taskis shavn below in Fig.
5-6asablock diagram.

In the next chaptemwe presentheresultsof thesystemwe describedsofar. Serwing
testresultsof the AQUA robotis discussed.We alsolook into the performanceof the

trackingalgorithms,andhow the choiceof targetseffectthetraclers.

! http://kauri.auck.irl.cri.nzjohanns/camwire/
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Figure5-6: Completesoftwarearchitectureblock diagram.
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CHAPTER 6
Experimental Results

We presentthe resultsof the visual serwing systemdescribedso far in this chap-
ter. We evaluatethe performancef thetrackingapproaches termsof theaccurag and
robustnessandalsodiscusgypesof targetseachtracker is suitablefor tracking. Perfor
manceof the PID controlleris presentedwhile trackingan objecttravelling in a straight
line during open-vatertrials. To gathergroundtruth datafrom undervatersenoing ex-
perimentsis an extremely complicated,if notimpossible, task, given the unavailability
of measurementthat are standardor surfaceervironments. This inability preventsus
from presentinguantitatve measurementsf succesdor a target-following task,but we
presentesultsthatdemonstratgualitatively the effectivenesf our system.

6.1 Tracking Performance

Thethreetrackingalgorithmsareoptimizedfor trackingobjectswith differentcolor
featuresasdiscussedh Chapter. In this sectionwe shav theaccurag androbustnes®f
eachof the trackerswhile trackingdifferenttarget objects. Situationswhich causethese
trackersto fail to successfullyrackarealsodemonstrated.

6.1.1 Color Blob Tracker

As discussedn the previous chaptey the color blob tracker we usedworked in the
normalized-RGBcolor space. The blob tracker usespreviously computednormalized
RGB thresholdof thetargetobjectto segmentoutregionsof aninputframein anattempt

to locatethe target. The following sequencef imagesdemonstratéhe operationof the
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Table6-1: Color blob tracker thresholddor ayellow tagetundervater

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 and tracking phases.The tuning operationandthe
resultingnormalizedRGB thresholdvaluesareshownn in Fig. 6—-1andTable6-1.

Theresultof the segmentatiomalgorithmon this imageproducesig. 6—4(a)below.
Thecrosshaiin themiddleindicateshe centroidof the blob ascalculatedoy thetracler.

As s clearlyevidentfrom gures 6—1and6—4(a),the color blob tracker performsas
expectedn localizingthetarget,basedn theinitial colorthresholdgunedout.

The problemswith the color blob tracker becomeevidentwhentargetsto be tracked
have complec color characteristicsThe sequencef gures in Fig. 6—4demonstratethe
blob tracker outputsfor the checlerboardpatternedobjectand clearly demonstrate#s

limits.
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Figure6—2: Resultof Segmentatiorfor theyellow ball.

Anotherof the major problemsthat we encountemwith the color blob tracker, is the
presencef duplicatetamgets. As seenin Fig. 65, evenasurfacere ection of the object
createsamirrorimageof thetargetobject,whichis suf cient distractionenougtho confuse
the tracker. The tracker, in suchcasescalculateswo blobsandthe overall centroidis
locatedon a line connectinghe centersof masse®f thetwo blobs. Thetracker nds the
locationcloserto thelargerbobin suchcases.

The caseabore demonstratethe needfor usingan objectwith very differentcolor
characteristicrom the surroundingenvironment.We foundyellow to beacolorwhichis
sufciently unique,andalsothe huetransmittedor yellow undervaterwasmuchgreater
thanary othersinglecolor we used.

6.1.2 Color Histogram Tracker

Thecolorhistograntrackeris amoreenhancedrackingalgorithmthanthenaiveblob

tracker. Usingthetarmget's color distribution asthe featureto track, it achiezesrobustness

comparedo the blob tracker which easilyfails in the presencef a duplicatetarget. As
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(a) Framel (b) Frame2 (c) Frame3

Figure6—4: Color blob tracking. Centroidof targetat the crosshair

such,the histogramtracker is suitablefor trackingobjectsthathave a variety of color, not
just one. The operationof the histogramtracker during tuning andtrackingis shavn in
the sequenc®f imagesin Fig. 6—7. We useone-dimensionahistogramswith 64 x ed-
sizebins,andeachwindow is roughly1—16 (one-sixteenthjhewidth andheightof theinput
imageframe.Figure6—6shavsthehistograndistributionfor thetargetshovn in Fig. 6-6
with the target rectangleshovn inside of a yellow border The outputof the tracker in

anotherframeis theregion outlinedin red. For comparisorwith a region not containing
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(a) Tarmgetwith surfacere ection (b) Sgmentedoutput,with theredcircle
indicatingcentroid

Figure6-5: Effect of surfacere ection.

thetarget(e.g. theoneoutlinedin white), we shawv thethreehistogramsn Figures6—6(b),
6—6(c)and6-6(d)respectrely, of the actualtarget, the tracker outputandthe nontarget
area. The measuredsimilarity value using the Bhattacharyyaneasurds givenin table
6-2.

Table6-2: Bhattacharyyaneasures.

TargetandChosen| TamgetandNon-taget
0.989718 0.192324

6.1.3 Mean-shift Tracker

Rolustasit is, the histogramtracker is accurateonly asfar asthe size of the sub-
windows in which it operatesthatis, the centerof thetargetwill belocatedatthe center
of therectangulasearchwindow, which may not be the actualcentroidof the target. To

achieve higheraccurag without sacri cing the robustnes®f the histogramtracking, the
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Figure6—6: Histogramtrackingresults.

mean-shifttraclker is used. Building on the color histogramproperty of the target ob-

ject, the mean-shiftracker localizesthe target usingthe directionof mean-shiftvectoras
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(a) Framel (b) Frame2 (c) Frame3

Figure6—7: Histogramtrackingoutput,with targetat crosshair

(a) Framel (b) Frame2 (c) Frame3

Figure6—8: Mean-shifttrackingoutput,with targetat crosshair

a pointerto the next probabletarget location. The accurag provided by the mean-shift
tracker, however, doesnot comewithout the extra computationatost. This algorithmis

the slowestof the threewe usedin AQUA, andassumeshat the target doesnot change
locationby alarge magin betweerconsecutie frames.With this reasonablassumption,
we presentthe resultsof the mean-shifttracker in operationin the sequencef images

showvnin Fig. 6-8.
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Table6-3: Pitchandyaw seno controllerparametersseeSection5.3.

Axis | Kp | K| | Kp | Limit p| Limit ;| Limit p| DeadbandTime Command
Constant| 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. adjustKp, K, andKp) to ensuresmooth, non-
oscillating performancethe stepresponseof the systemhasto be measured.For this
work, we do not have the stepresponselataavailablefrom therobot. This hampersour
ability to tunethe PID controllerproperly Neverthelessthe useof the proportionalgain
alonehasbeensufcient to ensureperiodicandboundedesponsdrom the seno system,
asfoundfrom the open-vatertrials, discussedn the next section.For the seno trials, the
PID gainswereadjustedisingempiricalvalues pbservingherobot'sresponséo achange
in the PID gains. A typical setof parametersor the yaw andpitch seno controllersare
presentedhn table6.2.

We obseredadirectimprovemenin theyaw responsastheyaw axis Iter -timecon-
stantwasreducedoelov 0.1secondsAn IIR lter presenbn the controlstacksmoothed
out oscillationsin input roll, yaw and pitch commanddrom the operator aswell asthe
pitch andyaw commandsomingfrom the vision stack. In our tests,reducingthe lter -
time constanto aslow as0.05second$iadno adwerseeffect ontherobot's stability.

Thenext sectionpresentsomequantitatve resultsacquiredirom the open-vatertri-
als held at the Bellairs ResearciCentreof McGill University, at Barbados.The results
from thesetestsdemonstratéhe succes®f thesystemjn spiteof all theunknovn param-

etersaffectingtherobotin anopen-vaterervironment.
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6.3 Open-Water Trials

For the open-vater 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 straightline at a paceconsistentwith the robot's speed. (In
fact,therobotcould outpacehe diver at full speed.)A sequencef successfutrials was
completedeachfor durationof roughly 100 secondover a distanceof 27 meters giving
the robot an averagegroundspeedof approximately0.3 meters/secondThe testswere
concludedvhentherobotreachedheendof its ber-optictelemetrycable. Theframerate
usedby thevisualtracker wasoneframepersecondgconsistentvith thelow-passcontrol
loop mandatedy the oscillatingswimminggait. During this trial, the color sgmentation
algorithmsuccessfullyfoundthe targetin all but oneimage. This givesa successate of
99% for the visualtracker. Othertrials hadslightly lesssuccessfutletectionrate, but all
wereabove 90%. Figures6—9 and6-10shaw therelative tracked positionsof the target
for the x-axis (yaw) andthe y-axis (pitch) over the durationof onetrial. A valueof zero
indicatesa centeredarget,whereasavalueof +1.00or -1.0indicateshetamgethasreached
the boundaryof the cameras eld of view. Sinceonly a proportionalgain was usedin
the experiment,the commandsentto the robot's gait controllerwas simply proportional
to thisrelative position. Theboundedoeriodicnatureof the signalindicatethatthetracker
andcontrolloop arefunctioningin a stableoperatingmode.

In orderto maintainthetargetin thecenterof thecameras eld of view, two feedback
loopsarenecessargasshovn in Fig. 5-5. Yaw commandsreusedto correcterrorin the
images x-axis, and pitch commandsn the y-axis. Note thatin the currentexperiment,

the roll axis wasleft uncorrected.This would have requiredeitherusing someform of

76



Figure6-9: Responsef yaw to visualsenoing.

shaperecognitionand an asymmetrictarget, or to be able to establishthe direction of
the vertical axis by usingan Inertial MeasuremenUnit. Provisions have beenmadeto
integratesuchadevicein future experiments However, sincenorobotresponselata(such
asstepresponsejvas available, the transferfunction aswell asthe frequeng response
of the robot for eachaxis wasunknavn. It wasthereforenot possibleto fully tunethe
PD controllerbeforehand.This limited our ability to nd the optimal parametergor the
controllers.SeeFig. 6-9.

The averagevaluefor the yaw axisrelative positionwasimportant(0.15),especially

comparedo thepitch axis' averagepositionvalue(0.00095).This canbeexplainedby the
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Figure6-10:Responsef pitchto visualsenoing.

presencef a side-currentn the openwatercondition. Sincethe diver holdingthe target
was attemptingto follow a straightline usingvisual cuesfrom the substratea biaswas
neededo compensatér theside-currentlynamics No suchbiaswasneededn thepitch
direction.

In both gures anoscillationwith a periodof approximatelyl0 second€anbenoted.
Thesearecomingfrom the sub-optimabehaior of the proportionalcontrollerin the pres-
enceof thelow-passlter of therobot's gaitcontroller andto a minor extentto theinertia
of therobot. Thefull useof a properlytunedPID controlleraswell asfurtherre nement
of the gait controllerwould help reduceand possiblyeliminatethoseoscillations. Nev-
erthelessthis sub-optimaluning provesthe feasibility of on-boardvisual sernoing using

AQUA's six ippers motionactuation.
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CHAPTER 7
Discussionsand Conclusion

7.1 Overview

This thesispresentedh visual sernoing systemfor an aquaticleggedrobot called
AQUA. The approachto seno control is basedon simple color tracking coupledwith
a control loop whoselow-passpropertiesare tunedto eliminatethe naturalundulations
causedy therobot's swimminggait. We discussedheunderlyinghardwareandsoftware
component®f the systemandpresentedhe datacollectedduring openandclosed-vater
trails of the system.The systemis inherentlysimpleandenablesAQUA to achieve some
degreeof autonomyin navigating undervater The recentseatrials of the systemhave
provento bevery successfulandpresent®xciting new directionsfor futurework.
7.2 Tracking and Underwater Vision

We have chosertrackingalgorithmsthathave beenshown to be successfuin terres-
trial, non-undenatervision,andappliedthemin theundervatervision domainto achieve
ahighdegreeof successAs mentionecearlierin thisthesisthemarineervironmentposes
uniquechallengedor vision systemgo work effectively, asa numberof assumptionghat
canbe madefor non-undenatersystemsareno longerrealisticin this domain. The un-
successfutrackingtrials have helpedto revealthelimitations of thesealgorithmsapplied
"as-is” in theundervaterdomain.We have investigatedhe effect of lighting variationson
the undervatervision systemaswell. We hopethe experimentswill inspirefuture work

in developingalgorithmsparticularlydesignedor undervatervision.
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7.3 Vision-basedVehicle Control

The main contribution of this work is notin arny oneof the individual components,
but insteadn demonstratinghe applicability of visionin autonomousindervatervehicle
control. Theadwantageof usingvision to achieze autonomousavigationlies in the pas-
sivenesandlow power consumptiorpropertyof vision sensorsA simplePID controller
hasbeenshavn to be sufcient to produceboundedmotion of therobotduring senoing.
The natureof motion of anaquaticvehicleis comple, andwhetheror notto mimic bio-
logical motionis a questionthatneedgo be investigatedhoroughlybeforea satisfctory
answercan be given. We have implementeda Linux-basedernvironmentfor the vision
processom alimited storagehatis alsopower consenrative androbustto systenfailures.
Eachof thesesystemcomponent$iave playeda vital role in the overall performanceof
thesystem.
7.4 Future Work

Thevisualserwing systemdescribedherehasbeenprovento work in therealworld,
but thereis roomfor mary more enhancementandnew provisions. Improvementscan
be madeto the tracker aswell asthe overall control system,to build a morerobustand
stablevisualserwing mechanismTo date thetracker only looksfor anobjectof a certain
color or color distribution, without looking for an objectof prede nedshape. We plan
to integrateshapeand patternmatchingwith the tracker in the nearfuture. Also, from
the sizeof thetracked objecton screenthe speedof the robotcanbe controlled;so that
therobot cancatchup with the moving targetwhenit is aboutto losetrack. Neitherthe
trackeror thecontrollerincorporatesry learningschemetthepresentime. All gainsand

parametersretunedmanuallywith the aid of datafrom previoustrials. A probabilistic
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learningschemeancorporatedwith the serwing could greatlyincreasehe robustnessas
well asprovide for automaticobjectrecognitionandtraining of parameterandgains.An
Inertial Measurementnit (IMU) hasbeenusedasa stability augmentatiorsystem.We
aim for tighterintegrationof the IMU with thevision systemmakingfor a semi-dynamic
look-and-mae senoing architecture Currently the seno systermhasno controloverthe
roll commandof the robot. Using feedforward control, we canalsocompensatéor the
couplingbetweerthe axiscontrols.

It appearshatamore e xible learning-basedchemdor targetacquisitionandtrack-
ing would permit the systemto operatemorerobustly. While we have not experienced
seriougrackingfailureswhereilluminationspreventsthetargetfrom beingacquiredone
might expectthis to occurin the absencef on-line auto-calibration.More important,it
appearghatthe trackingsystemcanbe “fooled” by distractingobjectswhosecoloration
matcheghe target of interest. While usingsupplementarghape-basedueswould be a
naturalimprovementto the tracker, the computingoverhead particularly in the robot's
small form-factor make this a challenge. Under poor visibility conditionsthe rangeof
availablehuestransmittedhroughthe wateris very limited. A particularlyattractve op-
tion is the useof a tracker that explicitly modelsthe motion of the target (for example
theundulationof the diver beingfollowed). This suggestsereralinterestingavenuedor

futurework.
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Appendix A: The Epanechnikov Kernel

TheEpanechnikov kernel hasthefollowing form:

t = 2(1 u?); 1<u<1 (7.1)

= 0;otherwise: (7.2)

Here,u = *X, whereh is thewindow width andx; arethe valuesof the independent
variablein the data,andx is the value of the scalarindependenvariablefor which one
seeksanestimate.

Also, theprole of akernelK isde nedasafunctionk : [0;1 )! R suchthatK (x) =

k(kxk?).
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KEY TO ABBREVIATIONS

BIBO: Boundednput BoundedOutput

HSV: Hue-Saturation-&lue

IEEE: Instituteof ElectricalandElectronicsEngineers|nc.
[IDC: InstrumentatiorandIndustrialDigital Camerastandard
IMU: Inertial Measurementnit

PID: Proportional-Intgral-Derivative

RAM: RandomAccessMemory

RGB: Red-Green-Blue

TCP/IP:TransmissiorControl Protocol/InterneProtocol
UDP: UserDatagramProtocol

UML: Uni ed Modelling Language
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