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Editorial foreword

It is no longernecessaryo explain theword 'mechatronics'. The world hasbecome
accustometb theblendingof mechanicseglectronicandcomputeicontrol. Thatdoes
not meanthatmechatronicfaslostits 'art'.

The additionof vision sensingo assistin the solutionof avariety of problemsis
still very mucha'cutting edge'topic of researchPeterCorkehaswrittena very clear
expositionwhich embrace®oththetheoryandthe practicalproblemsencountereéh
addingvisionsensingo arobotarm.

Thereis greatvaluein thisbook,bothfor advancedundegraduateeadingandfor
theresearcheor designeiin industrywho wishesto addvision-basedontrol.

We will onedaycometo expectvision sensingandcontrolto bea regularfeature
of mechatronicevicesfrom machingoolsto domesticappliancesilt is researcltsuch
asthiswhichwill bringthatdayabout.

JohnBillingsley

Universityof SoutherrQueensland,
Toowoomba QLD4350
August1996
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Author' sPreface

Outline

This bookis aboutthe applicationof high-speednachinevision for closed-looppo-
sition control, or visual sernwing, of a robot manipulator The book aimsto provide
acomprehenske coverageof all aspect®f thevisualserwing problem:robotics,vi-
sion, control, technologyandimplementatiorissues.While much of the discussion
is quite generalthe experimentalwork describeds basedon the useof a high-speed
binaryvision systemwith a monoculareye-in-hand'camera.

The particularfocusis on accuraténigh-speednotion,wherein this context 'high
speed'is takento meanapproachingpr exceeding the performancdimits statedby
the robot manufacturerIn orderto achieze suchhigh-performancé amguethatit is
necessario have accuratalynamicalmodelsof thesystento becontrolled(therobot)
andthe sensoi(the cameraandvision system) Despitethelong history of researclin
the constituentopicsof roboticsandcomputewision, thesystemdynamicsof closed-
loop visually guidedrobot systemshasnot beenwell addressedn the literatureto
date.

| am a confirmedexperimentalistand thereforethis book hasa strongthemeof
experimentation. Experimentsare usedto build and verify modelsof the physical
systemcomponentsuchasrobots,camerasand vision systems. Thesemodelsare
thenusedfor controllersynthesisandthe controllersareverified experimentallyand
comparedvith resultsobtainedby simulation.

Finally, the book hasa World Wide Web home pagewhich senes as a virtual
appendix.It containslinks to the softwareand modelsdiscussedvithin the book as
well aspointersto otherusefulsourcesf information. A videotape,shaving mary
of theexperimentscanbe orderedvia thehomepage.

Background

My interestin the areaof visual sernwing datesbackto 1984whenl wasinvolvedin

two researclprojects;video-ratefeatureextraction', andsensoibasedobot control.
At thattime it becameapparenthat machinevision could be usedfor closed-loop
control of robot position, sincethe video-field rate of 50Hz exceededhe position
setpointrate of the Pumarobotwhich is only 36Hz. Aroundthe sameperiodWeiss
andSandersopublisheda numberof papersonthistopic[224-226,273]in particular
concentratingon control strat@ies andthe direct useof imagefeatures— but only

in simulation. | was interestedn actually building a systembasedon the feature-
extractorandrobotcontroller but for anumberof reasonghiswasnotpossibleatthat
time.

1This work resultedn a commercialinit — the APA-512 [261], andits successothe APA-512+[25].
Both devicesaremanufacturedby AtlantekMicrosystemd td. of Adelaide,Australia.
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In the period 1988-891 wasfortunatein beingableto spendl1l monthsat the
GRASP Laboratory University of Pennsylaniaon a CSIRO Oversead-ellowship.
Therel wasableto demonstrate 60Hz visual feedbacksystem[65]. Whilst the
sampleratewashigh, the actualclosed-loopbandwidthwasquite low. Clearlythere
wasa needto more closely modelthe systemdynamicsso asto be ableto achiee
bettercontrolperformanceOn returnto Australiathis becamehe subjectof my PhD
research52].

Nomenclature

The mostcommonlyusedsymbolsusedin this book,andtheir unitsarelistedbelow.
Note that somesymbolsareoverloadedn which casetheir context mustbe usedto
disambiguatéhem.

v avector

Vy acomponenbf avector

A amatrix

X anestimateof x

XJ errorin x

Xd demandedalueof x

AT transposef A

Oy, Oy pixel pitch pixels/mm
B viscousfriction coeficient N.m.s/rad
C camerecalibrationmatrix (3 x 4)

C(9,9)  manipulatorcentripetaindCoriolisterm kg.m?/s
ceil(x) returnsn, thesmallesintegersuchthatn > x

E illuminance(lux) Ix

f force N

f focallength m

F f-number

F(q) friction torque N.m
floor(x)  returnsn, thelargestintegersuchthatn < x

G gearratio

(0} luminousflux (lumens) Im

(0} magnetidlux (Webers) Wb

G gearratio matrix

G(q) manipulatorgravity loadingterm N.m

[ current A

In n x n identity matrix

] V-1

J scalarinertia kg.m?
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ATB

inertiatensor 3 x 3 matrix
Jacobiartransformingvelocitiesin frameA to frameB
constant

amplifiergain (transconductance)
motortorqueconstant

forwardkinematics

inversekinematics

inductance

luminance(nit)

massof link i

manipulatorinertiamatrix

orderof polynomial

generalizedoint coordinates

generalizedoint torque/force

resistance

angle

vectorof anglesgenerallyrobotjoint angles
Laplacetransformoperator

COM of link i with respecto thelink i coordinaterame
firstmomentof link i. § =ms

standardleviation

time

sampleinterval

lenstransmissiorconstant

cameraxposureinterval
homogeneousansformation
homogeneousransformof point B with respectto the
frameA. If A is notgiventhenassumedelative to world
coordinatéframe0. Notethat*Tg = (BTA)_l.

torque

Coulombfriction torque

voltage

frequeng

3-D pose,x = [Xy zry Iy I;]T comprising translation
along,androtationaboutthe X, Y andZ axes.
Cartesiarcoordinates

coordinate®f the principal point
camerdamageplanecoordinates
camerdamageplanecoordinates
cameramageplanecoordinatesX = ('X,'Y)
imageplaneerror

Xi

kg.m?

AV
N.m/A

nt

kg
kg.m?

rad
rad

kg.m

N.m
N.m

rad/s

pixels

pixels
pixels



z z-transformoperator
Z{} Z-transform
Thefollowing conventionshave alsobeenadopted:
¢ Timedomainvariablesarein lower casefrequeng domainin uppercase.

e Transferfunctionswill frequentlybewritten usingthe notation

K(@)[¢, wn] =K (§+ 1) [ésﬁ %SJF 1]

A freeintegratoris anexception,and(0) is usedto represens.

e Whenspecifyingmotor motion,inertiaandfriction parameterd is important
thata consistenteferencas usedusuallyeitherthe motoror theload,denoted
by thesubscriptsn or | respectiely.

For numericquantitiegheunits radmandradlareusedto indicatethereference
frame.

¢ In orderto clearlydistinguishresultsthatwereexperimentallydeterminedrom
simulatedor derivedresultstheformerwill alwaysbedesignateés'measured’
in the captionandindex entry.

e A comprehensk glossaryof termsandabbreiationsis providedin Appendix
A.
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Chapter 1

Intr oduction

1.1 Visual sewvoing

Visual senoing is a rapidly maturingapproachto the control of robot manipulators
thatis basedon visual perceptiorof robotandworkpiecelocation. More concretely
visualsernwing involvestheuseof oneor morecameragndacomputevision system
to controlthe positionof therobot'send-efectorrelative to theworkpieceasrequired
by thetask.

Modernmanufacturingobotscan performassemblyand materialhandlingjobs
with speedandprecisionyetcomparedo humanworkersrobotsareat a distinctdis-
adwantagein thatthey cannot'see'what they aredoing. In industrial applications,
considerableengineeringeffort is thereforeexpendedin providing a suitablework
ervironmentfor theseblind machines. This entailsthe designand manufactureof
specializedpart feedersjigs to hold the work in progressand specialpurposeend-
effectors. The resultinghigh non-recurrenengineeringcostsare largely responsible
for robotsfailing to meettheirinitial promiseof beingversatilereprogrammable/ork-
ers[84] ableto rapidly changdrom onetaskto the next.

Oncethe structuredwork ervironmenthasbeencreated the spatialcoordinates
of all relevantpointsmustthenbetaught Ideally, teachingwould be achieved using
datafrom CAD modelsof the workplace however dueto low robotaccurag manual
teachings oftenrequired.This low accurag is a consequencef the robot'stool-tip
posebeinginferred from measuredoint anglesusinga model of the robot's kine-
matics. Discrepanciebetweenthe modelandthe actualrobotleadto tool-tip pose
errors.

Speedpr cycletime, is thecritical factorin the economiqustificationfor arobot.
Machinescapableof extremely high tool-tip accelerationsiow exist but the overall
cycle time is dependentiponotherfactorssuchassettlingtime andovershoot.High
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speedand acceleratiorare often achieved at considerableostsinceeffects suchas
rigid-bodydynamicslink andtransmissiorilexibility becomesignificant.To achieve
preciseend-pointcontrol usingjoint positionsensorghe robotmustbeengineeredo
minimizetheseeffects. The AdeptOnemanipulatorfor instancewidely usedin high-
speecklectronicassemblyhasmassie links so asto achieve high rigidity but thisis
atthe expenseof increasedorquenecessaryo acceleratéhelinks. The problemsof
conventionalrobotmanipulatorsnaybe summarizeds:

1. It is necessaryo provide, at considerableost,highly structuredvork erviron-
mentsfor robots.

2. Thelimited accurag of arobotfrequentlynecessitatetime-consumingnanual
teachingof robotpositions.

3. Mechanicallynamicsn therobot'sstructureanddrivetrainfundamentallycon-
strainthe minimumcycle time.

A visually serwoed robot doesnot needto know a priori the coordinatesof its
workpieceor otherobjectsin its workspaceIn a manufacturingervironmentvisual
senwing could thus eliminaterobot teachingand allow tasksthat were not strictly
repetitve, suchasassemblywithout precisefixturing andwith incomingcomponents
thatwereunorientedr perhapswingingon overheadransferines.

Visual serwing alsoprovidesthe potentialto relax the mechanicahccurag and
stiffnessrequirementdgor robot mechanisms&ndhencereducetheir cost. The defi-
cienciesof themechanisnwould be compensatetbr by avision sensoandfeedback
so asto achiere the desiredaccurag andendpointsettingtime. Jagersand133] for
exampleshovs how positioningaccurag of arobotwith significantbacklashwasim-
provedusingvisualserwing. Suchissuesaresignificantfor ultra-finepitch electronic
assembl\{126] whereplanarpositioningaccurag of 0.5um androtationalaccurag
of 0.1° will berequiredandsettlingtime will be significant. Moore's Law? provides
aneconomicamnotivationfor this approach Mechanicakengineerings a maturetech-
nology and costsdo not decreasevith time. Sensorsand control computerson the
otherhandhave, andwill continueto, exhibit dramaticimprovementin performance
to priceratio overtime.

Visual senoing is also applicableto the unstructurecenvironmentsthat will be
encounteredy field and servicerobots. Suchrobots mustaccomplishtaskseven
thoughthe exactlocationof therobotandworkpiecearenot known andareoften not
practicablymeasurableRoboticfruit picking [206], for example,requiresthe robot
whoselocationis only approximatelyknown to graspa fruit whosepositionis also
unknonvn andperhapsvaryingwith time.

1GordonMoore (co-founderof Intel) predictedin 1965 that the transistordensity of semiconductor
chipswould doubleapproximatelyevery 18 months.
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The useof vision with robotshasa long history [291] andtodayvision systems
areavailablefrom majorrobotvendorghatarehighly integratedwith therobot's pro-
grammingsystem. Capabilitiesrangefrom simplebinary imageprocessingo more
complex edge-andfeature-basedystemscapableof handlingoverlappedoarts[35].
Thecommoncharacteristiof all thesesystemss thatthey arestatic,andtypically im-
ageprocessingimesareof theorderof 0.1to 1 secondIn suchsystemsisualsensing
andmanipulatiorarecombinedn anopen-loopfashion,'looking' then'moving'.

Theaccurag of the'look-then-move' approactdependdlirectly on the accurag
of thevisual sensolandthe robot manipulator An alternatve to increasinghe accu-
ragy of thesesub-systemss to usea visual-feedbackontrolloop whichwill increase
the overallaccurag of the system.Takento the extreme,machinevision canprovide
closed-loopposition control for a robot end-efector — this is referredto asvisual
servoing Thetermvisual servoingappeardo have beenfirst introducedby Hill and
Park [116] in 1979to distinguishtheir approachrom earlier'blocks world' experi-
mentswheretherobotsystemalternateetweerpicturetakingandmoving. Priorto
theintroductionof thisterm,thelessspecifictermvisualfeedbak wasgenerallyused.
For thepurpose®f thisbook,thetaskin visualsenoingis to usevisualinformationto
controltheposé of therobot'send-efectorrelative to atargetobjector asetof target
featureqthetaskcanalsobedefinedfor mobile robots,whereit becomeshe control
of the vehicle's posewith respecto somelandmarks).The greatbenefitof feedback
controlis thatthe accurag of the closed-loopsystemcan be maderelatively insen-
sitive to calibrationerrorsandnon-linearitiesn the open-loopsystem.However the
inevitabledownsideis thatintroducingfeedbaclkadmitsthe possibility of closed-loop
instability andthis is a majorthemeof this book.

The camera(s)may be stationaryor held in the robot's 'hand’. The latter case,
oftenreferredto asthe eye-in-handconfigurationyesultsin a systemcapableof pro-
viding endpointrelative positioninginformationdirectly in Cartesiaror task space.
This presentpportunitesfor greatlyincreasingthe versatility and accurag of ro-
botic automatiortasks.

Vision hasnot, to date,beenextensiely investigatedasa high-bandwidthsensor
for closed-loopcontrol. Largely this hasbeenbecaus®f thetechnologicatonstraint
imposedby the hugeratesof dataoutputfrom a video cameraaround10’ pixels/s),
andthe problemsof extractingmeaningrom thatdataandrapidly alteringtherobot's
pathin responseA visionsensorsraw outputdatarate,for example,is severalorders
of magnitudggreatetthanthatof aforcesensoffor thesamesamplerate. Nonetheless
thereis a rapidly growing body of literaturedealingwith visualserwing, thoughdy-
namicperformanceor bandwidthreportedto dateis substantialllessthancould be
expectedgiventhevideo samplerate. Most researctseemdo have concentrate@n
the computevision partof the problem,with a simplecontrollersuficiently detuned
to ensurestability. Effectssuchastrackinglag andtendenyg towardinstability have

2poseis the 3D positionandorientation.
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Figurel.1: Generalstructureof hierarchicaimodel-basedobotandvision sys-
tem. The dashedine shows the 'short-circuited'information flow in a visual
seno system.

beennotedalmostin passing.lt is exactly theseissuestheir fundamentatausesand
methodof overcomingthem,thatarethe principalfocusof this book.

Anotherway of consideringhe differencebetweerconventionallook-then-mae
andvisual seno systemds depictedn Figurel.1. The controlstructureis hierarchi-
cal, with higherlevels correspondingo moreabstractdatarepresentatioand lower
bandwidth. The highestlevel is capableof reasoningaboutthe task, givena model
of the environment,anda look-then-mae approacthis used. Firstly, thetargetloca-
tion andgraspsitesaredeterminedrom calibratedstereovision or laserrangefinder
images,andthena sequencef movesis plannedandexecuted.Vision sensorhave
tendedto be usedin this fashionbecaus®f therichneswf thedatathey canproduce
abouttheworld, in contrasto anencodeior limit switchwhichis generallydealtwith
atthelowestlevel of the hierarchy Visualserwing canbe consideredsa'low level'
shortcutthroughthe hierarchy characterizedy high bandwidthbut moderatemage
processingwell shortof full scenenterpretation).In biological termsthis could be
consideredsreactiveor refleive behaiour.

However notall ‘reactive’ vision-basedystemarevisualseno systemsAnders-
son'swell known ping-pongplaying robot[17], althoughfast,is basedn areal-time
expert systemfor robot pathplanningusing ball trajectoryestimationand consider
abledomainknowledge. It is a highly optimizedversionof the generalarchitecture
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shovnin Figurel.1.

1.1.1 Relateddisciplines

Visual serwing is the fusion of resultsfrom mary elementaldisciplinesincluding
high-speedmage processing kinematics,dynamics,control theory and real-time
computing. Visual serwing alsohasmuchin commonwith a numberof otherac-
tive researchareassuchasactive computervision, [9, 26] which proposeghat a set
of simple visual behaiours can accomplishtasksthroughaction, suchas control-
ling attentionor gaze[51]. The fundamentatenetof active vision is notto interpret
the sceneandthen modelit, but ratherto direct attentionto that part of the scene
relevantto the taskat hand. If the systemwishesto learn somethingof the world,
ratherthanconsulta model,it shouldconsultthe world by directingthe sensar The
benefitsof anactiverobot-mountedamerancludethe ability to avoid occlusionfre-
solve ambiguity andincreaseaccurag. Researcherm this areahave built robotic
'heads'[157,230,270] with which to experimentwith perceptionand gazecontrol
stratgies. Suchresearchs generallymotivatedby neuro-physiologial modelsand
makesextensive useof nomenclaturérom thatdiscipline. The scopeof thatresearch
includesvisual serwing amongsta broadrangeof topics including ‘open-loop' or
saccadi®ye motion,steregoerceptionyergencecontrolandcontrolof attention.

Literature relatedto structue from motion is also relevant to visual senoing.
Structurefrom motion attemptgo infer the 3D structureandthe relative motion be-
tweenobjectand camerafrom a sequencef images.In roboticshowever, we gen-
erally have considerable priori knowledgeof the tamgetandthe spatialrelationship
betweerfeaturepointsis known. Aggarwal[2] providesa comprehense review of
this active field.

1.2 Structur e of the book

Visual senoing occupiesa niche somavhere betweencomputervision and robotics
researchlt draws stronglyontechniquedrom bothareasncludingimageprocessing,
featureextraction,controltheory robot kinematicsanddynamics.Sincethe scopeis
necessarilybroad Chapters2—4 presentthoseaspectf robotics,imageformation
andcomputervisionrespectiely thatarerelevantto developmenif thecentraltopic.
Thesechaptersalsodevelop,throughanalysisandexperimentationdetailedmodelsof
therobotandyvision systemusedin the experimentalWwork. They arethefoundations
uponwhichthelater chaptersarebuilt.

Chapter2 presents detailedmodelof the Puma560robotusedin this work that
includesthe motor, friction, current,velocity and position control loops,aswell as
the moretraditionalrigid-body dynamics.Someconclusionsaredravn regardingthe



6 Intr oduction

significanceof variousdynamiceffects, and the fundamentalperformancdimiting
factorsof this robotareidentifiedandquantified.

Imageformationis coveredin Chapter3 with topicsincluding lighting, image
formation, perspectie, CCD sensorsimagedistortionand noise,video formatsand
imagedigitization. Chapter4 discusseselevantaspect®f computervision, building
uponthe previous chapterwith topicsincludingimagesegmentation featureextrac-
tion, featureaccurag, andcameracalibration. The materialfor Chapters3 and4 has
beencondensedrom a diverseliteraturespanningphotographysensitometryvideo
technologysensotechnologyillumination, photometryandphotogrammetry

A comprehense review of prior work in the field of visual senoing is givenin
Chapters. Visualseno kinematicsarediscussedystematicallyusing\Weisss taxon-
omy [273] of image-basedndposition-basedisualsenoing.

Chapter6 introducesthe experimentalfacility anddescribesxperimentswith a
single-DOFvisual feedbackcontroller This is usedto develop and verify dynamic
modelsof the visual seno system. Chapter7 thenformulatesthe visual serwoing
taskasa feedbackcontrol problemandintroducegperformancemetrics. This allows
the comparisorof compensatordesignedisinga variety of techniquesuchasPID,
pole-placementSmith's methodand LQG. Feedbaclcontrollersare shavn to have
a numberof limitations, andfeedforwardcontrol is introducedasa meansof over-
comingthese. Feedforwardcontrol is shavn to offer markedlyimproved tracking
performanceaswell asgreatrobustnesso parametevariation.

ChapteB extendsthosecontroltechniquesndinvestigatesisualend-poindamp-
ing and 3-DOF translationalmanipulatorcontrol. Conclusionsand suggestiongor
furtherwork aregivenin Chapter.

Theappendicesontaina glossaryof termsandabbreiationsandsomeadditional
supportingmaterial. In the interestsof spacethe more detailedsupportingmaterial
hasbeenrelgyatedto a virtual appendixwhich is accessibléhroughthe World Wide
Weh Informationavailablevia thewebincludesmary of the softwaretoolsandmod-
els describedwithin the book, cited technicalreports,links to othervisual serwoing
resourcen the internet,and errata. Orderingdetailsfor the accompaying video
tapecompilationarealsoavailable. Detailson accessinghis informationaregivenin
AppendixB.



Chapter 2

Modelling the robot

This chapteiintroducesa numberof topicsin roboticsthatwill becalleduponin later
chapterslt alsodevelopsmodelsfor the particularrobotusedin thiswork — a Puma
560 with a Mark 1 controller Despitethe ubiquity of this robot detaileddynamic
modelsandparameteraredifficult to comeby. Thosemodelsthatdo exist areincom-
plete,expressedn differentcoordinatesystemsandinconsistentMuch emphasisn
theliteratureis on rigid-body dynamicsandmodel-basedontrol,thoughtheissueof
modelparameterss not well covered. This work alsoaddressethe significanceof
variousdynamiceffects,in particularcontrastingthe classicrigid-body effects with
thoseof non-linearfriction andvoltagesaturation.Although the Pumarobotis now
quite old, and by modernstandard$aspoor performancethis could be considered
to be an'implementationissue'. Structurallyits mechanicadesign(revolute struc-
ture,gearedseno motordrive) andcontroller(nesteccontrolloops,independenaxis
control)remaintypical of mary currentindustrialrobots.

2.1 Manipulator kinematics

Kinematicsis the studyof motionwithout regardto theforceswhich causet. Within
kinematicsone studiesthe position, velocity and accelerationand all higher order
derivatives of the position variables. The kinematicsof manipulatorsinvolvesthe
studyof thegeometricandtime basedoropertiesof the motion,andin particularhow
thevariouslinks move with respecto oneanotherandwith time.
Typicalrobotsareserial-linkmanipulatorssomprisingasetof bodies calledlinks,
in achain,connectedy jointsl. Eachjoint hasonedegreeof freedom eithertransla-
tional or rotational. For a manipulatomwith n joints numberedrom 1 to n, thereare

Iparallellink andserial/parallehybrid structuresare possible thoughmuchlesscommonin industrial
manipulatorsTheywill notbediscussedh this book.

7
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joint i-1 jointi joint i+1
\

i-1
\\ /Ti—l I \
\ / \
\ / \\
(a) Standardorm
joint i-1 joint i joint i+1
\ / \

(b) Modifiedform

Figure2.1: Differentformsof Denavit-Hartenbeg notation.

n+ 1 links, numberedrom 0 to n. Link O is the baseof the manipulatoy generally
fixed,andlink n carriestheend-efector. Jointi connectdinksi andi — 1.

A link may be consideredasa rigid body definingthe relationshipbetweentwo
neighbouringjoint axes. A link canbe specifiedby two numbers,the link length
andlink twist, which definethe relative locationof the two axesin space.The link
parameter$or thefirst andlastlinks aremeaninglesshut arearbitrarily choserto be
0. Jointsmaybedescribedy two parametersThelink offsetis the distancegrom one
link to the next alongthe axis of the joint. Thejoint angleis the rotationof onelink
with respecto the next aboutthejoint axis.

To facilitate describingthe location of eachlink we affix a coordinateframeto
it — framei is attachedo link i. Denait and Hartenbeg [109] proposeda matrix
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methodof systematicallyassigningcoordinatesystemdo eachlink of anarticulated
chain. Theaxisof revolutejoint i is alignedwith z_;. Thex_1 axisis directedalong
the commonnormalfrom z_1 to z andfor intersectingaxesis parallelto z_1 x z.

Thelink andjoint parametersaybe summarizeds:

link length @ theoffsetdistancebetweerthez_; andz axesalongthe
X axis;

link twist  a; theanglefromthez_; axistothez axisaboutthex; axis;

link offset d; thedistancefrom the origin of framei — 1 to thex; axis
alongthez_1 axis;

jointangle 6; theanglebetweerthex_1 andx; axesaboutthez_; axis.

For arevolutejoint 6; is thejoint variableandd; is constantwhile for a prismatic
joint d; is variable,and®; is constantln mary of theformulationsthatfollow we use
generalizecoordinatesg;, where

[ 6 forarevolutejoint
%=1 d for a prismaticjoint

andgeneralizedorces

Q= T; for arevolutejoint
"7 fi foraprismaticjoint

The Denavit-Hartenbeg (DH) representatioresultsin a 4x4 homogeneousans-
formationmatrix

cosbj —sinBjcosaj  sinbjsina; & cosH;

i~ _ sinB; cosPjcosa; —coshisina; & Sinb; 2.1)
' 0 sing; cos;j d :
0 0 0 1

representingachink’ scoordinatdramewith respecto thepreviouslink’ scoordinate
systemthatis _
oTi = Tia ' MA (2.2)

where®T; isthehomogeneousansformatiordescribingheposeof coordinatdrame
i with respecto theworld coordinatesysten.

Two differingmethodologiebave beerestablishedor assigningoordinatdrames,
eachof whichallows somefreedomin the actualcoordinatdrameattachment:

1. Framei hasits origin alongthe axis of joint i + 1, asdescribedoy Paul [199]
andLee[96,166].
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2. Framei hasits origin alongthe axis of joint i, andis frequentlyreferredto as
'modified Denavit-Hartenbeg' (MDH) form [69]. Thisform is commonlyused
in literaturedealingwith manipulatordynamics.Thelink transformmatrix for
thisform differsfrom (2.1).

Figure 2.1 shaws the notationaldifferencedetweenthe two forms. Note that g is
alwaysthe lengthof link i, but is the displacemenibetweerthe origins of framei and
framei + 1 in onecorvention,andframei — 1 andframei in the othe?. This book
will consistentlyusethe standardenait andHartenbeg methodology.

2.1.1 Forward and inversekinematics

For ann-axisrigid-link manipulatoythe forward kinematicsolutiongivesthe coordi-
nateframe,or pose of thelastlink. It is obtainedby repeatedpplicationof (2.2)

Th = OAlA,-- 1A, (2.3)
= K(g) (2.4)

which is the productof the coordinateframe transformmatricesfor eachlink. The
poseof the end-efectorhas6 degreesof freedomin Cartesiarspace 3 in translation
and3 in rotation, so robot manipulatorscommonlyhave 6 joints or degreesof free-
domto allow arbitrary end-efector pose. The overall manipulatortransform®T , is
frequentlywritten as Ty, or Tg for a 6-axisrobot. The forward kinematicsolution
may be computedfor ary manipulatoyirrespectve of the numberof joints or kine-
maticstructure.
Of moreusein manipulatopathplanningis theinversekinematicsolution

a=K™T) (2.5)

which givesthe joint coordinategequiredto reachthe specifiedend-efector posi-
tion. In generalthis solutionis non-uniqueandfor someclassef manipulatomo
closed-formsolutionexists. If the manipulatothasmorethan6 jointsit is saidto be
redundantandthe solutionfor joint coordinatess underdetermined.If no solution
canbe determinedor a particularmanipulatorposethat configurationis saidto be
singular. The singularitymay be dueto analignmentof axesreducingthe effective
degreesof freedom,or thepoint T beingout of reach.
ThemanipulatorJacobiammatrix, Jg, transformsrelocitiesin joint spaceo veloc-
ities of theend-efectorin Cartesiarspace For ann-axismanipulatothe end-efector

2|t is customarywhentahulating the 'modified' kinematicparametersf manipulatordo list a;_1 and
aj_1 ratherthana; anda;.

3|t may be arguedthatthe MDH corventionis more'logical’, but for historicalreasonghis work uses
the standardDH corvention.
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Cartesiarvelocity is

%, 035 (2.6)
= 'Jeq (2.7)

in baseor end-efectorcoordinatesespectiely andwherex is the Cartesiarvelocity
representetly a 6-vector[199]. For a 6-axismanipulatorthe Jacobiaris squareand
provided it is not singularcan be invertedto solve for joint ratesin termsof end-
effector Cartesiamrates.TheJacobiarwill notbeinvertibleatakinematicsingularity,
andin practicewill be poorly conditionedin the vicinity of the singularity resulting
in highjoint rates.A controlscheméasecn Cartesiarratecontrol

q="23"%, (2.8)

was proposedoy Whitney [277] andis known as resolvedrate motioncontmwol. For
two framesA andB relatedoy ATg = [n o a p] the Cartesiarvelocity in frame A may
betransformedo frameB by B

Bx = BJa"x (2.9)

wherethe Jacobiaris givenby Paul [200] as

Bla= f(ATg) = [noal™ [pxn

5 (2.10)

5o
o X
L, 10

2.1.2 Accuracy and repeatability

In industrialmanipulatorghe position of the tool tip is inferredfrom the measured
joint coordinategndassumedkinematicstructureof therobot

fﬁ = K (gmeas)

Errorswill beintroducedf theassumettinematicstructurediffersfrom thatof theac-
tualmanipulatoythatis, K + K. Sucherrorsmaybedueto manufacturingolerances
in link lengthor link deformationdueto load. Assumptionsarealsofrequentlymade
aboutparallelor orthogonalaxes, thatis link twist anglesare exactly 0° or exactly
490°, sincethis simplifiesthe link transformmatrix (2.1) by introducingelements
thatareeitherO or 1. In reality, dueto tolerancesn manufacturetheseassumption
arenotvalid andleadto reducedobotaccuray.

Accuicy refersto the error betweenthe measuredaind commandegoseof the
robot. For arobotto move to a commandegbosition,the inversekinematicsmustbe
solvedfor therequiredjoint coordinates

ge = K }(T)
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[ Joint] o | a | di | Omin | Omax |
1] 90 0 0| -180| 180
2 0| 431.8 0| -170| 165
3| -90 20.3| 125.4| -160| 150
41 90 0| 431.8| -180| 180
5| -90 0 0 -10 | 100
6 0 0| 56.25| -180| 180

Table2.1: Kinematicparametersindjoint limits for the Puma560. All anglesin
degreesjengthsin mm.

While the seno systemmay move very accuratelyto thecomputedoint coordinates,
discrepanciebetweerthe kinematicmodelassumedy the controllerandthe actual
robotcancausesignificantpositioningerrorsatthetool tip. Accurag typically varies
over the workspaceand may be improved by calibration proceduresvhich seekto
identify thekinematicparametergor the particularrobot.

Repeatabilityrefersto the errorwith which a robotreturnsto a previously taught
or commandegboint. In generakepeatabilityis betterthanaccurag, andis relatedto
joint seno performance However to exploit this capabilitypointsmustbe manually
taughtby 'jogging' the robot, which is time-consumingand takesthe robot out of
production.

The AdeptOnemanipulatorfor examplehasa quotedrepeatabilityof 15pum but
anaccurag of 76um. Thecomparatiely low accurag anddifficulty in exploiting re-
peatabilityaretwo of thejustificationsfor visualserwing discusseearlierin Section
1.1.

2.1.3 Manipulator kinematic parameters

As alreadydiscussedhe kinematicparameter®f a robot areimportantin comput-
ing the forward andinversekinematicsof the manipulator Unfortunately asshavn
in Figure2.1, therearetwo corventionsfor describingmanipulatorkinematics.This
bookwill consistentlyusethestandardenait andHartenbeg methodologyandthe
particularframeassignment$or the Puma560 are as per Paul andZhang[202]. A
schematiof therobotandthe axisconventionsusedis shavn in Figure2.2. For zero
joint coordinateshe armis in a right-handedconfigurationwith the upperarm hori-
zontalalongthe X-axisandthelowerarmvertical. Theuprightor READY positiortf*is
definedby g =[0 90 — 90 0 0 0]°. OtherssuchasLee[166] considetthezero-angle
poseasbeingleft-handed.

4TheUnimationVAL languagelefineshesocalled'READY position' wherethearmis fully extended
andupright.
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Y, Z

Figure2.2: Detailsof coordinatdramesusedfor the Puma560shown herein its
zeroanglepose(draving by LesEwbank).

The non-zerdink offsetsandlengthsfor the Puma560,which may be measured
directly, are:

¢ distancebetweershoulderandelbow axesalongthe upperarmlink, ay;

o distancefrom the elbow axisto the centerof sphericalwrist joint; alongthe
lowerarm,ds;

o offsetbetweerthe axesof joint 4 andtheelbow, az;
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o offsetbetweerthe waistandjoint 4 axes,ds.

The kinematicconstantgor the Puma560 aregivenin Table2.1. Theseparam-
etersarea consensu$60, 61] derived from several sourceq20,166,202,204,246].
Thereis somevariationin the link lengthsand offsetsreportedby variousauthors.
Comparisorof reportsis complicatedby the variety of differentcoordinatesystems
used.Somevariationsn parametersouldconcevably reflectchangeso thedesignor
manufacturef therobotwith time,while othersaretakento beerrors.Leealonegives
avaluefor dg which is the distancefrom wrist centerto the surfaceof the mounting
flange.

Thekinematicparametersf arobotareimportantnotonly for forwardandinverse
kinematicsasalreadydiscussedhut arealsorequiredin the calculationof manipula-
tor dynamicsas discussedn the next section. The kinematicparametergnterthe
dynamicequation®f motionvia thelink transformatiormatricesof (2.1).

2.2 Manipulator rigid-body dynamics

Manipulatordynamicsis concernedvith the equationsof motion, theway in which
the manipulatormovesin responsdo torquesappliedby the actuators,or external
forces. The history andmathematic®f the dynamicsof serial-link manipulatorsare
well coveredby Paul [199] andHollerbach[119]. Therearetwo problemsrelatedto
manipulatodynamicsthatareimportantto solve:

e inversedynamicsn whichthemanipulatorsequation®f motionaresolvedfor
givenmotionto determinghe generalizedorces,discussedurtherin Section
2.5,and

¢ directdynamicsn whichtheequation®f motionareintegratecto determinehe
generalizedoordinataesponséo appliedgeneralizedorcesdiscussedurther
in Section2.2.3.

The equation®f motionfor ann-axismanipulatoraregivenby

Q=M(9)g+C(q, g9+ F(g) + G(a) (2.11)

where

is thevectorof generalizedoint coordinateslescribinghe poseof the
manipulator

is thevectorof joint velocities;

is thevectorof joint accelerations

is thesymmetrigoint-spacenertiamatrix, or manipulatolinertiatensor

[Ne)

le:lD-
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C describe€oriolisandcentripetakffects— Centripetatorquesarepro-
portionalto q,2 while the Coriolis torquesareproportionalto g;d;

F describewviscousandCoulombfriction andis notgenerallyconsidered
partof therigid-bodydynamics

G isthegravity loading

Q isthevectorof generalizedorcesassociatewvith thegeneralizeadtoor

~ dinates.

The equationgnay be derived via a numberof techniquesincluding Lagrangian
(enegy based) ,Newton-Euler d'Alembert [96,167] or Kanes [143] method. The
earliestreportedwork was by Uicker [254] and Kahn [140] using the Lagrangian
approach.Due to the enormouscomputationaktost, O(n?), of this approacht was
not possibleto computemanipulatortorquefor real-timecontrol. To achieve real-
time performancenary approacheweresuggestedncludingtablelookup[209] and
approximatior29,203]. Themostcommonapproximatiorwasto ignorethevelocity-
dependenterm C, sinceaccuratepositioningand high speedmotion are exclusive
in typical robot applications. Othershave usedthe fact that the coeficients of the
dynamicequationglo not changerapidly sincethey area functionof joint angle,and
thusmay be computedat a fraction of the rate at which the equationsare evaluated
[149,201,228].

Orin etal.[195] proposedinalternatve approactbasednthe Newton-Euler(NE)
equation®f rigid-bodymotionappliedto eachiink. Armstrong[23] thenshavedhow
recursionmight be appliedresultingin O(n) compleity. Luh etal. [177] provideda
recursve formulationof theNewton-Eulerequationsvith linearandangulawelocities
referredto link coordinateframes.They suggested time improvementfrom 7.9sfor
the Lagrangiarformulationto 4.5ms andthusit becamepracticalto implementon-
line'. Hollerbach[120] shaved how recursioncould be appliedto the Lagrangian
form, andreducedhe computatiorto within afactorof 3 of therecursve NE. Silver
[234] shaved the equivalenceof therecursve Lagrangiarand Newton-Eulerforms,
andthatthedifferencen efficieng is dueto therepresentatioof angularvelocity.

“Kane's equations’[143] provide anothemethodologyfor deriving theequations
of motionfor aspecificmanipulator A numberof 'Z' variablesareintroducedwhich,
while notnecessarilpf physicalksignificanceleadto adynamicdormulationwith low
computationaburden. Wampler[267] discusseshe computationatostsof Kane's
methodin somedetail.

The NE and Lagrangeforms can be written generallyin termsof the Denavit-
Hartenbeg parameters— howeverthespecificformulations suchasKane's,canhave
lower computationalcost for the specificmanipulator Whilst the recursve forms
are computationallymore efficient, the non-recursie forms computethe individual
dynamicterms(M, C andG) directly.
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Method Multiplications Additions For N=6
Mul Add

Lagrangiaf120] | 323n*+86:5n° | 25n%+663in° 66,271| 51,548

+1713n?4-532n | 41295024 42in

—-128 —96
Recursve 150n— 48 131n—48 852 738
NE [120]
Kane[143] 646 394
Simplified 224 174
RNE [189]

Table2.2: Comparisorof computationatostsfor inversedynamicsfrom various
sourcesThelastentryis achiezedby symbolicsimplificationusingthe software
packageARM.

A comparisorof computatiorcostsis givenin Table2.2. Thereareconsiderable
discrepanciebetweersourceq96,120,143,166,265] on the computationaburdens
of thesedifferentapproaches Concevable sourcesof discrepang include whether
or not computationof link transformmatricesis included,and whetherthe resultis
generalor specificto a particularmanipulator

2.2.1 RecursiveNewton-Euler formulation

Therecursive Newton-Euler(RNE) formulation[177] computeghe inversemanipu-
lator dynamicsthatis, thejoint torquesrequiredfor a givensetof joint coordinates,
velocitiesand accelerations.The forward recursionpropagate&inematicinforma-
tion — suchasangularvelocities,angularaccelerationdjnearaccelerations— from
the basereferencdrame(inertial frame)to the end-efector. The backwardrecursion
propagateshe forcesandmomentsxertedon eachlink from the end-efector of the
manipulatorto the basereferencdrame. Figure2.3 shows thevariablesnvolvedin
thecomputatiorfor onelink.

Thenotationof Hollerbach[120] andWalkerandOrin [265] will beusedin which
the left superscriptindicatesthe referencecoordinateframe for the variable. The
notationof Luh etal. [177] andlaterLee[96,166] is considerablyessclear

51t shouldbe notedthatusingMDH notationwith its differentaxisassignmentonventionsthe Newton
Eulerformulationis expressedifferently[69].
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joint i-1 jointi joint i+1
\ \ n f
. f i+1 i+1

Vi Vi
\ / \
\ / \‘
Figure 2.3: Notation usedfor inversedynamics,basedon standardDenavit-
Hartenbeg notation.
Outward recursion,1 <i<n.
If axisi + 1is rotational
M = MR (iQu +Zogi+l) (2.12)
i+1- i+1 i = i :
Moy, = R+, + 0 x (28,,) | (2.13)
i+l\_/i+l — i+lQ+l x i+l_pi*+l+i+lRii\_/i (214)
I+lyi+l — |+1Q+l % I+lET+1+I+lQI+l % |+1Q+l % |+lEi*+l}

+HIR (2.15)
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If axisi+ 1listranslational
i+1g+l _ i+1RiiQI (2.16)
i+lg+l — i+lRii'_u)I (217)
I+l\_/i+l — I+1Ri (Zogi+l+l\_/i) +I+lQ|+lX I+lET+l (218)
My = IR (Zogi+1+ii4) +t1G ) X i+lET+1
+2i+lQ+1X (i+lRiZO'9i+l)
+i+lQ+1 v (i+l@|+1x i+l_pi*+1) (2.19)
v = 'axs+'ox{axs}+'y (2.20)
'F = m'y (2.21)
N = Ji'g+'w x (w) (2.22)
Inward recursion,n > i > 1.
iii — iRi+li+lii+l+iEi (223)
n = iRi+l{i+lﬂi+1+ (i+lRii_pi*) y i+1L+l}
+ (' +5) < Ei+N, (2.24)
i T /i e e . . .
n Riz1 if link i 4+ 1 is rotational
9i { ( |) ( 1+ ZO) (2.25)

where

D 818w &

(iL)T ('Ri4+1Z,) if link i 4+ 1is translational

is thelink index, in therangel ton
is the momentof inertiaof link i aboutits COM

is the positionvectorof the COM of link i with respecto framei

is theangularvelocity of link i

is theangularacceleratiorof link i

is thelinearvelocity of framei

is thelinearacceleratiorof framei

is thelinearvelocity of the COM of link i

is thelinearacceleratiorof the COM of link i
is themomentexertedonlink i by link i — 1
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L is theforceexertedonlink i by link i — 1

is thetotalmomentat the COM of link i
is thetotal forceatthe COM of link i
is theforceor torqueexertedby theactuatoratjoint i
is the orthonormalotationmatrix definingframei orientationwith re-
spectto framei — 1. It is the upper3 x 3 portion of thelink transform
matrix givenin (2.1).

N,
F
- Q
I—lR

[cosei —cosoising;  sina;sinb; '|

D = P sinG;  cosajcosd; —sinajcosd; | (2.26)
[ 0 sinag; Ccosa; J
'R = (TR)P=(TIR)T (2.27)

: p; is thedisplacementrom theorigin of framei — 1 to framei with respect
~ toframei.

) g

'pf = [ d; sing; ] (2.28)

|
dj cosa;

It is the negative translationapartof (‘~1A;)~L.
Z, lisaunitvectorin Z direction,z, = [001]

Note thatthe COM linear velocity given by equation(2.14) or (2.18) doesnot need
to be computedsinceno otherexpressiondependsiponit. Boundaryconditionsare
usedto introducethe effect of gravity by settingthe acceleratiomf the basdink
whereg is thegravity vectorin thereferencecoordinatérame,generallyactingin the
negative Z direction,downward.Basevelocity is generallyzero

Vo = O (2.30)
w = 0 (2.31)
o = O (2.32)

2.2.2 Symbolic manipulation

The RNE algorithmis straightforwardo programandefficientto executein thegen-
eralcaseput considerablsavingscanbe madefor the specificmanipulatorcase The
generaform inevitably involvesmary additionswith zeroandmultiplicationswith O,
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1 or -1, in the variousmatrix andvector operations.The zerosand onesare dueto
the trigonometricterm$ in the orthonormallink transformmatrices(2.1) aswell as
zero-\aluedkinematicandinertial parametersSymbolicsimplificationgatherscom-
monfactorsandeliminatesoperationsith zero,reducingtherun-timecomputational
load, at the expenseof a once-onlyoff-line symboliccomputation.Symbolicmanip-
ulation can also be usedto gain insight into the effects and magnitudesof various
componentsf theequationof motion.

Early work in symbolicmanipulationfor manipulatorsvas performedwith spe-
cial toolsgenerallywritten in Fortranor LISP suchasARM [189], DYMIR [46] and
EMDEG [40]. Laterdevelopmentof generalpurposecomputeralgebratoolssuchas
MacsymaREDUCEandMAPLE hasmadethis capabilitymorewidely available.

In thiswork a generaburposesymbolicalgebrapackageMAPLE [47], hasbeen
usedto computethe torqueexpressiondn symbolicform via a straightforwardm-
plementatiorof the RNE algorithm. Comparedo symboliccomputationusing the
Lagrangiarapproachcomputatiorof the torqueexpressionss very efficient. These
expressionsarein sumof productform, andcanbe extremelylong. For examplethe
expressiorfor thetorqueon thefirst axisof a Puma560is

T1 = —Calyzstpe
+Sa’my b
+823|yz3Q%
+|yy2C22ti11
+Calyo0
4.

andcontinuesnfor over 16,000terms.Suchexpressiongreof little valuefor on-line
control,but areappropriatdor furthersymbolicmanipulatiorto analyzeandinterpret
thesignificanceof variousterms.For examplethesymbolicelement®of theM, C and
G termscanbe readily extractedfrom the sumof productform, overcomingwhatis
frequentlycited asan adwantageof the Lagrangiarformulation— thattheindividual
termsarecomputedirectly.

Evaluatingsymbolic expressiondn this simple-mindedway resultsin a loss of
thefactorizationinherentin the RNE procedure However with appropriatdactoriza-
tion during symbolicexpansion,a computationallyefficient form for run-timetorque
computationcanbe generatedseeSection2.6.2. MAPLE canthenproducethe'C'
languagecodecorrespondingo the torque expressionsfor example, automatically
generatingcodefor computed-torqueontrol of a specificmanipulator MAPLE is
alsocapableof generatindATEX styleequationdor inclusionin documents.

6Commonmanipulatorshave link twists of 0°, 90° or —9C° leadingto zero or unity trigonometric
results.
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As discussegreviously, the dynamicequationsareextremelycomple, andthus
difficult to verify, but anumberf checkshave beenmade.Theequation®f motionof
asimpletwo-link examplein Fu et al. [96] wascomputedandagreedwith theresults
given. For the Puma560this is prohibitive, but somesimple checkscanstill be per
formed.Thegravity termis readilyextractedandis simpleenougtto verify manually
The manipulatorinertia matrix is positive definiteandits symmetrycanbe verified
symbolically A colleagug213] independentlymplementedhe dynamicequations
in MAPLE, usingthe Lagrangiarapproach.MAPLE wasthenusedto computethe
differencebetweerthe two setsof torqueexpressionswhich after simplificationwas
foundto be zero.

2.2.3 Forward dynamics

Equation(2.11) may be usedto computethe so-calledinversedynamicsthatis, ac-
tuatortorqueasa function of manipulatorstateandis usefulfor on-line control. For
simulationthedirect,integral or forward dynamicformulationis requiredgiving joint
motionin termsof inputtorques.

Walker and Orin [265] describeseveral methodsfor computingthe forward dy-
namics,and all makeuseof an existing inversedynamicssolution. Usingthe RNE
algorithmfor inversedynamicsthe computationatompleity of theforwarddynam-
ics using'Method 1' is O(n®) for an n-axis manipulator Their other methodsare
increasinglymoresophisticatedut reducethe computationatost,thoughstill O(n).
Featherstonf89] hasdescribedhe articulated-bodymethod'for O(n) computation
of forward dynamics,however for n < 9 it is more expensve thanthe approachof
WalkerandOrin. AnotherO(n) approactfor forward dynamicshasbeendescribed
by Lathrop[160].

2.2.4 Rigid-body inertial parameters

Accuratemodel-basedlynamiccontrol of a manipulatorrequiresknowledgeof the
rigid-bodyinertial parametersEachlink hastenindependeninertial parameters:

e link massm;

¢ threefirst moments,which may be expressedasthe COM location, s;, with
respecto somedatumonthelink or asamoment§ = ms;

e six secondnomentswhich representheinertia of the link abouta givenaxis,
typically throughthe COM. The secondnomentanay be expressedn matrix
or tensorform as

Iy I

Jy Iy Y
Iz Jyz Jzz

J= (2.33)
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| Parameter| Value |

13.0
17.4
4.80
0.82
0.35
0.09

FAIIS 3

Table2.3: Link massdata(kg).

wherethe diagonalelementsarethe momentf inertia, andthe off-diagonals
areproductsof inertia. Only six of thesenine elementsareunique:threemo-
mentsandthreeproductsof inertia.

For ary pointin arigid-bodythereis onesetof axesknown astheprincipal axes
of inertia for which the off-diagonalterms,or products,are zero. Theseaxes
aregivenby theeigervectorsof theinertiamatrix (2.33)andtheeigervaluesare
theprincipalmomentof inertia. Frequentlythe productsof inertiaof therobot
links arezerodueto symmetry

A 6-axismanipulatorrigid-body dynamicmodelthus entails60 inertial parame-
ters. Theremay be additionalparameterper joint dueto friction and motor arma-
tureinertia. Clearly, establishinghumericvaluesfor this numberof parameterss
a difficult task. Many parametergannotbe measuredvithout dismantlingthe robot
andperformingcarefulexperimentsthoughthis approactwasusedby Armstronget
al. [20]. Most parametersouldbederived from CAD modelsof the robots,but this
informationis oftenconsideregroprietaryandnotmadeavailableto researcherslhe
robotusedin this work, the Puma560, wasdesignedn thelate 1970's andprobably
predatesvidespreadCAD usage Thereis alsoaconsiderablditeratureregardingesti-
mationof inertial parameterfrom onlinemeasuremeraf manipulatorstateandjoint
torqueg130].

Tarn andBejczy [245,247], Armstrong[22] and Leahy[161,165,257] have all
reportedsuccessfuinodel-basedontrol of the Puma560, yet thereis significantdif-
ferencen theparametesetsused.Thismayin factindicatethattherigid-bodyeffects
do not dominatethe dynamicsof this robot, or that“somefeedforwards betterthan
no feedforward”. This issuewill be revisited in Section2.4. Comparisonf the
publishedmodeldataare complicatedby the differentcoordinateframes kinematic
conventionsand measurementnits usedin the original reports. Thefirst stepis to
convert all reporteddatato a commonsetof unitsand coordinateframes,andthese
dataare reportedand comparedn [60,61]. Somedatasetsareto be preferredto
othersdueto the methodologiesisedto obtainthem. The remainderof this section
comprisesan abbreviatedreportof thatcomparisorwork andtatkulatesthe preferred
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| Parameter| Value |

S(]_ -
S -
SZ]_ -
Sk, -363.8
S 6
Sz, 77.4
S 0
Sys -14
Sz 70
S, 0
Sys -19
Sz, 0
St 0
S 0
Sz, 0
Sxg 0
S 0
Sz 32

Table2.4: Link COM positionwith respecto link frame(mm).

inertial parametewvalues.

Link massdatafor joints 2-6 givenin Table2.3 arebasedon the resultsof Arm-
strongetal. [20] whoactuallydisassembletherobotandweighedhelinks. Theoften
cited dataof Tarnet al. [246] is basedon estimatednassfrom models,dimensional
dataandassumednasddistribution anddensitieswhichis likely to belessaccurate.
A similar approactappearso have beentakenby Paul etal. [204]. Armstronghow-
ever doesnot give a valuefor my, so Tarn's valueis presentedn thetable. It canbe
shavn however thatthe parametem; doesnot appeairin the equationf motion—
it is nota baseparameter{148,153].

Link centerof gravity datagivenin Table?2.4is againbasedon Armstronget al.
who measuredhe COM of the disassembletinks on a knife-edge.Tarnetal.'s data
is againan estimatebasedn modelsof thearmstructure.

It is difficult to meaningfullycomparghesedatasets andcontrasthemwith those
for therobotusedin thiswork. Theapproactproposedereis to comparehe gravity
loadingtermsfor joints 2 and3 — thoselinks for which gravity load s significant.
A smallnumberof gravity load coeficientsencapsulate larger numberof massand
COM parametersThegravity loadingsarereadilygeneratedrom thesymbolictorque
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| Parameter| Armstrong | Tarn | RCCL |
0 -0.896] -0.977] -0.928(CP30/g)
% 0.116| 0.235| 0.0254CP21/g)
O3 0 | -0.00980
04 0 0
g5 -2.88e-3| 0.34e-3| -2.88e-3CP50/g)
Os 0 0
97 -0.104| -0.112| 0.104(CP22/g)
g8 3.80 532| -3.79(CP20/g)

Table2.5: Comparisorof gravity coeficients(N.m) from severalsources.

equationsestablisheearlier andaregivenby

%3 —  _ ((M6+ M5+ m4) D4+ s23m3+ masy4) S23
+ ((m3+ m4+ m5+ m6) A3+ m3sx3 C23
+ (sz4m4— sy5m5— sy6m6C6) C23S4
+523555y6M6S6
_ (szem6-+ sz5m5) (C23S5C4+ S23C5)
— SBsy6mMBC23C4C5

%2 —  (M25X2+ (M2+ M3+ M4+ m5+ m6) A2) C2

_sy2m252+ %3 (2.34)

whereA; andD; arekinematicconstantsC; = cost; andS = sinf;. Thesemaybe
written more succinctlyin termsof a numberof coeficientswhich are functionsof
link masscenterof gravity andsomekinematiclengthparameters;

%3 = 01523+ uC23+ gsC23S4+ 04S235556

g5 (SECAC23+ S23C5) + geC5CAC2356 (2.35)
T T
%2 = 7S2+gsC2+ %3 (2.36)

Thesecoeficientsareevaluatedandcomparedn Table2.5alongwith thoseused
by the RCCL robot control packagg115,175]. Thereis closeagreemenbetween
themagnitude®f thecoeficientsfrom Armstrongandthoseusedin RCCL. Different
kinematic corventionsusedby RCCL, or the sign of the gearratios, may explain
the differencein signfor thejoint 2 coeficientsg; andgs. The RCCL valueswere
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Figure 2.4: Measuredand estimatedgravity load on joint 2, 14,(6;), for 83 =
—11/2. Torquemeasurementshowvn dotted)are derived from measurednotor
currentandcorrectedo eliminatethe effect of Coulombfriction. Also shovnis
theestimatedyravity loadbasedn maximumlikelihoodfit (dotdash) parameter
valuesof Armstrong(solid) and Tarn(dashed).

determinedisingan experimentalproceduresimilar to thatdescribedy Lloyd [175]
for aPuma260’.

Figure2.4 shawvs thejoint 2 torquedueto gravity, versuschangingshouldeijoint
angle. The shoulderjoint wasmaoved forward and backwardover the angularrange
at very low speedto eliminateary torquecomponendueto viscousfriction. Joint
torqueis derivedfrom measureanotorcurrentusingmotortorqueconstantgrom Ta-
ble 2.14. The Coulombfriction effectis very pronouncedandintroducessignificant
hysteresidn the torqueversusangleplot. The torquein Figure 2.4 hasbeencor
rectedfor Coulombfriction usingtheidentifiedfriction parameterérom Table2.12,
but somehysteresigemainsat g, ~ 1t It is speculatedhatthis is dueto position-
dependenCoulombfriction effectsoutsidethe rangeof joint anglesover which the
friction estimationexperimentsvereconducted.

A maximumlikelihood fit to the experimentaldatais alsoshavn in thefigure. It
canbe seenthat the estimatedorqueusing Armstrongs datais slightly lower than

“JohnLloyd, privatecommunication.
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| Parameter [B(N.m)| ¢(rad)|
Armstrong 46.1 2.6e-3
Tarn 61.8| 19.5e-3
Max.Likelihood 52.9| -10.8e-3

Table2.6: Comparisorof shouldemgravity loadmodelsin cosineform.

| Parameter] Value |

3y, 0.35%
Jzzl -
Jox, 0.130
3y, 0.524
o, 0.539
Joxs 0.066
Iy, 0.0125
oz, 0.086
Jxe 1.8e-3
Iy, 1.8e-3
Iz, 1.3e-3
Jo, | 0.30e-3
Jy. | 0.30e-3
Ja | 0.40e-3
Jo | 0.15€-3
Jy, | 0.15e-3
Ja | 0.04e-3

Table2.7: Link inertiaaboutthe COM (kg.m?). {-Thisvalue,dueto Armstrong,
is in facttheinertiaaboutthelink frameJdyy, + m(sZ, + sz ) notaboutthe COM.

thatmeasuredwhile thatbasedon Tarn's datais someavhat higher The gravity load
may bewritten in theform
Tg, = Bcos(62+ @) (2.37)

where3 is the magnitudeand ¢ the phase. The coeficients for the variousforms
arecomparedn Table2.6, andin termsof magnitudethe maximumlikelihood fit is
bracketedby the modelsof Tarnand Armstrong,asis alsoevidentfrom Figure2.4.
Despitethe previous objectiongo the methodologyof Tarnetal. their datagivesa fit
for thegravity loadof joint 2 thatis asgoodasthatof Armstrong.

Link inertiaaboutthe centerof gravity is givenin Table2.7,basedargelyon Arm-
strong.Armstrongsdatafor links 1 to 3 wasdetermineaxperimentallywhile thatfor
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thewrist links wasestimatedHowever Armstrongsvalueof Jy,,8 isin facttheinertia
measuredboutthelink frame, J,, = Jy, + M (s, + <2, ), notthe COM asindicated
in [20], sincethetwo inertial componentsannotbe separatethy measurementst the
link®.

2.2.5 Transmissionand gearing

For aG:1 reductiondrive thetorqueatthelink is G timesthetorqueatthe motor. The
inertiaof themotoratthelink is amplifiedby G2, asis theviscousfriction coeficient.
For rotary joints the quantitiesmeasuredat the link, subscriptl, arerelatedto the
motorreferencedjuantities subscripm, asshavn in Table2.8. Themanipulatorgear
ratios'® givenin Table2.9 arederivedfrom several sourceg20,190,262].
Thedesignof therobot'swrist is suchthatthereis considerableouplingbetween
theaxes,thatis, rotationof onemotorresultsin therotationof severalwristlinks. The
relationshipbetweerlink andmotorangless clearlyexpressedn matrix form

6,=G8, 6=G""8, (2.38)
where
(G, 0 O 0 0 0
0 G O 0 0 0
_ 0 0 Gs 0 0 0
G = 0 0 O Ga 0 0 (2.39)
0 0 0 —Gys5Gs Gs 0
| 0 0 0 -GuGs —GssGs Ge
(& o0 o 0 0 0]
1
0 e% 0 0 0 O
. 0 0 & 0 0 0
G7 =190 0 o < 0o 0 (2.40)
0O 0 O Gas )
G +%'156645 8556 1
L 0 0 0 - A Gs G

Thecross-couplingatioshave beendeterminedrom examinationof the engineering
dravings andcorrespondvith the numericalvaluesgiven by [262]. Thesehave also
beenverifiedexperimentally

83,2 in the sourcepaper dueto differentcoordinatecorventionsused.
9B. Armstrong privatecommunication.
10The sign of theratio is dueto the corventionfor direction of rotation of the motor (definedby the
digital position-loopencodercounter seeSection2.3.6),andthe conventionfor directionof link rotation
whichis definedby the kinematicmodel.Negative motorcurrentresultsin positve motortorque.
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[y = G&n

B = G%Bn
TC| = GTcm
U = Gim

8 = 6n/G

6 = 6n/G

Table2.8: Relationshiphbetweerload andmotorreferencedjuantitiefor gearratio G.

| Joint | Gearratio |

Gy -62.6111
Gy 107.815
Gs -53.7063
Gy 76.03636
Gs 71.923
Geg 76.686
Gus -1/Gs
Gus —~1/Ge
Gss | —13/72

Table2.9: Pumas60gearratios.

2.2.6 Quantifying rigid body effects

The numericvaluesof theinertial parametersbtainedabose maybe substitutednto
the equationsof motion. With somemanipulationthis allows the variousdynamic
effectsto bequantifiedandtheboundsdueto changen configuratiorestablishedFor
instancerigures2.5,2.6and2.7 shaw respectiely theinertiaatjoint 1 and2 andthe
gravity loadat joint 2, all plottedasfunctionsof manipulatorconfiguration.

Therearetwo componentsf inertia' seen'by themotor. Oneis dueto therotating
armature andthe otherdueto the rigid-body dynamicsof the link reflectedthrough
thegearsystem.Thetotalinertiasetstheupperboundonaccelerationandalsoaffects
the dynamicsof the axis controlloop. It is insightful to plot total inertia normalized
with respecto the armaturdnertia, Jy, sincethis clearlyshowvstheinertiacompared
with theunloadedn = 1) case.Thenormalizednertiais definedto be

. Mii(g)
ni(a) =1+ G2 (2.41)

whereM is the manipulatorinertiamatrix from (2.11),andJy, andG; arethe motor
armatureinertiaandthe reductiongearratio respectrely for joint i. The normalized
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Figure2.5: Plot of normalizedinertiafor joint 1 asa function of shoulderand
elbow configuration. Shown is the diagonalterm 11 andthe inertial coupling
termn2. Anglesin rads.
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Figure2.6: Plotof normalizednertiafor joint 2 asa functionof elbow configura-
tion. Showvn is thediagonaltermn 2, andtheinertial couplingtermsn 21 andn2z.
Anglesin rads.
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Figure2.7: Gravity load (N.m) on joint 2, Tg,(02,03). Anglesin rads. Gravity
loadvariesbetweent46N.m or +48% of thefuselimited torque.

inertial couplingis definedto be

nij(a) = —2 (2.42)

Thenormalizeddiagonalandoff-diagonalinertiaelementgor Pumajoints 1 and2 are
shavn in Figures2.5 and?2.6 asa function of configuration.The off-diagonalterms
arerelatively smallin magnitudecomparedo the diagonalvalues. The rigid-body
dynamicequationgrom Section2.2 canbe usedto computethe minimaandmaxima
of the normalizedinertias,andtheseare summarizedn Table2.10. The variationis

mostpronouncedor thewaistandshoulderfjoints. Gravity load,plottedin Figure2.7
for joint 2, shavsthatgravity torqueis significantcomparedo thetorquelimit of the
actuator The relative significanceof variousdynamictermsis examinedfurtherin

Section2.4.

2.2.7 Robotpayload

The inertia of the load, in this work a camera,hasbeencomputedfrom massand
dimensionatlataassuminginiform massdistributionwithin eachof the camerebody
andlens. Theresultsaretatulatedin Table2.11. The cameranertiawhenreferredto
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| Quantity | Minimum | Maximum [ Max/Min |

N1 291 6.35 2.2
N1z -0.75 0.75 -
N22 2.57 3.24 1.3
Na3 1.63 -
Na4 1.01 -
Nss 1.01 -
Ne6 1.00 -

Table2.10: Minimum andmaximumvaluesof normalizednertia, basedn pre-
ferredarmaturanertiadatafrom Table2.13.

| Component] Value |

Mens 0.270kg

Meam 0.155kg
I, 1.0 x 10~3kg.m?
I 6.2 x 10~3kg.m?
Iy 0.417kg.m?
Ns 0.034
N6 0.005
N1 0.532

Table2.11:Massandinertiaof end-mounted@damera.lnertialyy andl,; arecom-
putedwith respecto the centerof the robotwrist, seeFigure4.11. |1 is camera
inertiawith respecto thejoint 1 axis at maximumarm extension.n; is thenor-
malizedcamerdnertiawith respecto joint i, thatis, Icam/GiZJm.

the wrist motorsandnormalizedis insignificant. However the inertia contribution to
joint 1 whenthearmis fully extended)1, is significant.

2.3 Electro-medanical dynamics

This sectionprovidesdetailsaboutthe dynamiceffectsdueto therobot's controlelec-
tronics,actuatorandmechanicalransmissionTheseeffectsareatleastassignificant
astherigid-bodyeffectsjust reviewedthoughthey arelesswell coveredin thelitera-
ture,perhapsiueto therobotspecificnatureof theseeffects.
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Figure 2.8: Typical friction versusspeedcharacteristicThe dashedinesdepict
asimplepiecavise-linearfriction modelcharacterizethy slope(viscousfriction)
andintercept(Coulombfriction).

2.3.1 Friction

Dynamiceffectsdueto the transmissioror drive systemare significant,particularly
asthe drive train becomeamore complex. The addition of gearsto amplify motor
torqueleadsto increasedriscousfriction andnon-lineareffectssuchasbacklashand
Coulombfriction.

For a gearedmanipulatoysuchasthe Puma friction is a dominantdynamicchar
acteristic.A typicalfriction torqueversusspeecdharacteristiés shovn in Figure?2.8.
Thedashedine representshe simplefriction model

Tt = BO41¢ (2.43)

wheresloperepresentsiscousfriction, and offsetrepresent€oulombfriction. The
latteris frequentlymodelledby the non-linearfunction

0 ifg=0
Tc=4¢ T3 ifg>0 (2.44)
1. ifg<O0

andin generalt{ | # |17 |. Staticfriction, or stiction, is thetorquethatis necessaryo
bring astationanyjoint into motion,andcanbeconsiderablgreatethanthe Coulomb
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friction value. The morecomplex model,representedy the solid line, is significant
only for very low velocities[22]. The negative slopecanbe attributedto the Stribeck
effect due to mixed lubrication — the load is patrtially, but increasingly lifted by
lubricant,resultingin decreasingriction. This negative slopecharacteristicanresult
in instability with simplePID joint controlschemesitlow velocity. Whenthe contact
is fully lubricatedviscousfriction is evident.

The friction parametersliscussedepresentotal lumpedfriction due to motor
brushespearingsandtransmissionThey aredependentiponmary factorsincluding
temperaturestateof lubrication,andto a small extent shaftangle. Armstrong[21,
22] providesdetailedinvestigationf the low speedandangulardependencef joint
friction for aPuma560 manipulator

Classictechniquedor determiningfriction are basedon the simple pieceavise-
linearfriction modelof (2.43). A joint is moved at constantwelocity andthe average
torque(typically determinedrom motor current)is measuredThis is repeatedor a
rangeof velocities,both positive andnegative, from which the slope(viscousfriction
coeficient) andintercepts(Coulombfriction torques)can be determined.Measure-
mentof joint friction characteristicasingthisapproacthave beenpreviouslyreported
for aPuma260[175] anda Puma560[173].

The friction valuesfor the robot usedin this work have beendeterminedexper
imentally and are summarizedn Table 2.12. Coulombfriction andviscousfriction
were determinediy measuringaveragejoint currentfor variousjoint speedsover a
shortangularangeaboutthevertical'READY" position. Thiswasdoneto eliminate
thetorquecomponentueto gravity whichwould otherwisenfluencetheexperiment.
A typical plot of currentversusvelocity is shavn in Figure2.9. Givenknowledgeof
the motortorqueconstanfrom Table2.14,viscousand Coulombfriction valuesmay
be determinedrom the slopeandinterceptrespectiely. A robot'work out' program
wasrun prior to the measurementseingtaken,soasto bring joints andlubricantup
to "typical' working temperature.Thereis no evidenceof the negative slopeon the
friction curve atthevelocitiesusedhere. Thelowestvelocity in eachtestwas5°®/s at
the link, which is approximately5% and2% of the peakvelocitiesfor the baseand
wrist joints respectiely.

From Table2.12it is clearthat somefriction parametershov considerablele-
pendenceon the direction of rotation. Statisticalanalysisof the meanand variance
of the samplepoints[266] for positive and negative velocity for eachjoint indicate
thatat the 95% confidencdevel the friction valuesarenot equal,apartfrom viscous
friction valuesfor joints 1 and6. Armstrong[22] shaved statisticallythat Coulomb
andviscousfriction hadseparatealuesfor positive andnegative velocities.For linear
systemdesignandsimulationthe meanviscousfriction valuewill beused.

Stiction, ts, wasmeasuredy increasingthe joint currentuntil joint motion oc-
curred?. For thosejoints subjectto gravity load the robot was positionedso asto

U1Takenasincreasingencodewnaluefor 5 consecutiesampleintenvals.
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Figure 2.9: Measurednotor current(actually motor shuntvoltage)versusjoint
velocity for joint 2. Experimentapointsandlinesof bestfit areshavn.

Joint 14 ¢ BF 5 e B~ B
1 0.569 0.435| 1.46e-3 -0.588 -0.395| -1.49e-3|| 1.48e-3
2 0.141 0.126 | 0.928e-3|| -95.1e-3| -70.9e-3| -0.705e-3|| 0.817e-3
3 0.164 0.105| 1.78e-3 -0.158 -0.132 | -0.972e-3|| 1.38e-3
4 14.7e-3| 11.2e-3| 64.4e-6|| -21.8e-3| -16.9e-3| -77.9e-6|| 71.2e-6
5 5.72e-3| 9.26e-3| 93.4e-6|| -13.1e-3| -14.5e-3| -71.8e-6|| 82.6e-6
6 5.44e-3| 3.96e-3| 40.3e-6|| -9.21e-3| -10.5e-3| -33.1le-6|| 36.7e-6

Table 2.12: Measuredfriction parameters— motor referenced(N.m and
N.m.s/rad).Positve andnegative joint velocity areindicatedby the superscripts.
ThecolumnB is themeanof BT andB~.

eliminategravity torque. The averagestictionover 20 trials wastaken. The standard
deviation wasvery high for joint 1, around16% of the mean,comparedo 5% of the
meanfor thewrist joints.
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2.3.2 Motor

The Pumarobotusegwo differentsizesof motor— onefor the baseaxes(joints 1-3)
andanotherfor the wrist axes (joints 4-6). Dataon thesemotorsis difficult to find,
andthemotorsthemselesareunlabelled Thereis speculatioraboutthe manufacturer
andmodelin [12], andit is stronglyrumouredthatthe motorsare'specialsmanufac-
tured by Electrocraftfor Unimation. It is concevablethat differenttypesof motor
have beenusedby Unimationover theyears. TarnandBejczy et al. [245,247] have
publishedsereralpaperon manipulatorcontrolbasednthefull dynamicmodel,and
cite sourcef motorparametedataasTarnetal. [246] andGoor[102]. Theformer
hasno attribution for motor parametedataquotedwhile thelatterquotes‘manufac-
turer's specifications’for the basemotorsonly. Thesourceof Tarn's datafor thewrist
motors[247] is not given. Kawasakimanufacturehe Puma560 underlicence,and
dataon the motorsusedin thatmachinewasprovidedby thelocal distributor. Those
motorsare Tamagaa TN3053Nfor the base, and TN3052Nfor the wrist. However
someof theseparameterappeawdifferentto thosequotedby TarnandGoor.

A completeblock diagramof the motorsystemdynamicss shavn in Figure2.10
andassumesrigid transmissionThemotortorqueconstantK, is againthatrelates
motorcurrentto armaturetorque

andis followedby afirst-orderstagerepresentinghe armaturedynamics

T

QOn=——— 2.46
™ Jet1S+B ( )

whereQn, is motorvelocity, Jef t theeffective inertiadueto thearmatureandlink, and
B the viscousfriction dueto motorandtransmission.The so-calledmedanical pole
is givenby

B

Jet 1
Coulombfriction, t;, describedby (2.44), is a non-linearfunction of velocity that
opposedhe armaturetorque. The friction andinertia parametersre lumpedvalues
representinghe motor itself andthe transmissiormechanism Finally, thereis a re-
ductiongearto drive the manipulatodink.

An equivalentcircuit for thesero motoris givenin Figure2.11. Thisshavs motor
impedanceomprisingresistanceRy,, dueto thearmaturewinding andbrushesand
inductancel n,, dueto thearmaturewinding. Rs is the shuntresistorwhich provides
thecurrentfeedbaclsignalto the currentloop. Theelectricaldynamicsareembodied
in therelationshigfor motorterminalvoltage

Pm = (2.47)

Vin = SKn© + SLinlm+ (Rs + Rm) Im+ Ec (2.48)
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Figure2.10: Block diagramof motor mechanicatlynamics.14i¢ representslis-
turbancaorquedueto loadforcesor unmodeledlynamics.
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Figure2.11: Schematiof motorelectricalmodel.

which hascomponentslueto backEMF, inductanceresistanceandcontactpotential
differencerespectiely. Thelatteris a smallconstanwoltagedrop,typically aroundl
to 1.5V [146], whichwill beignoredhere.Theso-calledelectricalpoleis givenby

0 = _lﬂ (2.49)
m

2.3.2.1 Inertia

As mentionedearliertherearetwo component®f inertia'seen'by the motor. Oneis
dueto the therigid-bodylink dynamics'reflected'throughthe gearsystem,andthe
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| Parameter| Armstrong |

Tarn | Kawasaki| Preferred]

Jm 291e-6| 198-6 200e-6 200e-6
e 409e-6| 203e-6 200e-6 200e-6
Jma 299%e-6| 202e-6 200e-6 200e-6
Jma 35e-6| 18.3e-6 20e-6 33e-6
Jms 35e-6| 18.3e-6 20e-6 33e-6
Jme 33e-6| 18.3e-6 20e-6 33e-6

Table 2.13: Comparisorof motor inertia valuesfrom several sources— motor
referencedkg.m?).

otherdueto therotatingarmature Thetotal inertiasetsthe upperboundon accelera-
tion, andalsoaffectsthelocationof themechanicapoleby (2.47).

Several source®f armaturdnertiadataarecomparedn Table2.13. Armstrong$s
[20] values(load referencedandincluding transmissionnertia) weredivided by Giz,
from Table2.9,to give thevaluestalulated. Theseestimate@rebasedn total inertia
measurectthejoint with estimatedink inertiasubtractedandaresubjecto greatest
errorwherelink inertiais high. Fromknowledgeof motorsimilarity thevaluefor mo-
tor 2 seemsaanomalousValuesgivenby Tarn[246] arebasedon anunknovn source
of datafor armatureinertia, but alsoincludean estimatefor theinertia of the shafts
andgearsof thetransmissiorsystenfor the baseaxes. Thesenertiacontributionsare
generallyiessthan2% of thetotalandcouldpracticallybeignored.Thevery different
estimate®f armaturenertiagivenin theliteraturemayreflectdifferentmodelsof mo-
tor usedin therobotsconcernedThe preferredvaluesfor the baseaxesarebasedn
a consensusf manufacturewaluesratherthanArmstrong,dueto the clearlyanoma-
lousvalueof oneof his basemotorinertiaestimatesinertiaof thedrive shaft,flexible
couplingand gearwill be more significantfor the wrist axes. Frequeng response
measuremenis Section2.3.4areconsistentith thehighervaluesof Armstrongand
thereforethesearetakenasthe preferredvalues.

Changdn link inertiawith configurationasshovnin Figure2.5,hasa significant
effecton thedynamicsof theaxiscontrolloop. Themechanicapole of themotorand
link is

Bm
n(d)Im

Pm = — (2.50)
The variationof the mechanicapole, dueto configurationchange represents sig-
nificantchallengefor controldesignif it is to achieve stability andperformancever
theentireworkspacelt is clearfrom (2.41)thatwithout gearingthis effect would be
far moresignificant,makingindependenjoint controlgenerallyinfeasiblefor direct-
driverobots.
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Parameter| Armstrong | Paul[204] CSIRO Preferred
Loadtest | BackEMF
Ky 0.189 0.255 0.223 0.227 0.227
K, 0.219 0.220 0.226 0.228 0.228
Kimg 0.202 0.239 0.240 0.238 0.238
Km, 0.075 0.078 0.069 0.0675 0.0675
Kmg 0.066 0.070 0.072 0.0718 0.0718
Kmg 0.066 0.079 0.066 0.0534 0.0534

Table2.14: Measurednotortorqueconstants motorreferencedN.m/A).

2.3.2.2 Torgueconstant

For apermanenimagnetDC motorthetorqueandbackEMF aregivenby [146]

T

zZ . .
E[qnm = Kmim (2.51)
7 . .

whereg@is themagnetidlux dueto thefield, Z the numberof armaturevindings,and
0 themotorshaftangle.If aconsistensetof unitsis used,suchasSl, thenthetorque
constantn N.m/A andback-EMFconstanin V.s/radwill have the samenumerical
value.

Armatue reactionis the weakeningof the flux densityof the permanentmagnet
field, by theMMF (magneto-motivéorcemeasuredh Ampere-turnsyueto armature
current. This could potentiallycausehe torqueconstanto decreasasarmaturecur-
rentis increasedHowever accordingto Kenjo[146] theflux densityincreasesitone
endof thepoleanddecreaseattheother maintainingheaverageflux density Should
the flux densitybecometoo low at oneendof the pole, permanente-magnetization
canoccur A frequentcauseof de-magnetizatiofis over-currentat startingor dur-
ing decelerationA reductionof flux densityleadsto reductionof torqueconstanby
(2.51).

Table 2.14 comparesneasurementsf torqueconstantof the robotusedin this
work, with thoseobtainedby otherresearcherfor otherPuma560robots. Thevalues
in the columnheadedCSIRO loadtest' wereobtainedoy a colleagueusingthecom-
montechniqueof applyingknown loadsto robotjoints in positioncontrolmodeand
measuringhe currentrequiredto resistthatload. Valuesin thecolumnheadedArm-
strong'werecomputedrom themaximumtorqueandcurrentdatain [20]. Tarn[245]
givesthe torqueconstantfor the baseaxis motorsas0.259N.m/A (apparentlyfrom
the manufactures specification). The Kawasakidataindicate torque constantsof
0.253and0.095N.m/A for baseandwrist motorsrespeciiely.
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Figure2.12: Measuredoint angleandvoltagedatafrom open-circuitteston joint 2.

Considerablevariationis seenin Table 2.14, but all valuesfor the basemotor
arelessthan Tarn's value. This may be dueto lossof motor magnetizatiorf60] in
the robotsinvestigated comparedo the “as nev” conditionof the seno motors?.
Anothersourceof erroris the measurememntrocedurdtself — sincethe joint is not
moving, the load torqueis resistedby both the motor and the stiction mechanism.
Lloyd [175] usedan elaborateprocedurebasedon the work involved in raisingand
loweringa masssoasto canceloutthe effectsof friction.

In this work a differentapproachs used,basedon the equivalenceof the motor
torqueconstantandthe backEMF constanfrom (2.51)and(2.52). Thistechniquds
well known for benchtestingof motorsandinvolvesdriving the motor, asa generatar
at constanspeedwith anothermotor— however for a motorfitted to arobotthis is
not practical. A novel approachusinga systemidentificationtechniqueallows this
testto beappliedin situ wherethemotorsareback-drivenasthelinks aremanipulated
manually At open-circuitthatis i, = 0, the motor terminalvoltagefrom (2.48)is
equalto thebackEMF _

Vim = Kmf (2.53)

The experimentalproceduras simplerandlesstime consuminghanthe corven-

12Field magnetizatiomlecreasewith time, andcurrentoverloador abruptpower shut-davn events.
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tional load-testapproach The motoris disconnectedrom the power amplifiet3 and
a time history of terminalvoltageand motor shaftangleor velocity is recordedsee
Figure2.12,asthejoint is moved aroundby hand. The problemis transformednto
oneof establishinghe relationshipbetweerbackEMF andmotor shaftspeedwhich
is immuneto the effectsof staticfriction.

If the motor containsa tachometethensolutionof (2.53)is straightforwardput
requiresaccurateknowledgeof the tachometegain. In the more commonsituation
wheretherobotmotordoesnotincorporatea tachometervelocity mustbe estimated
from the derivative of measuredoint angle. Using a 2-point derivative approxima-
tion'* equation(2.53)canbewrittenin ARX form as

K
Vin = ?m(l—z_l)e (2.54)

to facilitate parameteidentification.In thiswork MATLAB andthe Systemldentifi-
cationToolbox[174] functionarx() wereusedto fit amodelof theform

Vim = (b1+21bp)® (2.55)

to the measureddatausing a batchleast-squareprocedure. The magnitudeof the
estimatectoeficientsb; andby, ideallythesamefrom (2.54),agreedo within 0.3%.
Fromtheseidentifiedcoeficientsthetorqueconstanis takenasbeing
_ T(b1—by)
mT2

The resultsof this experimentalprocedureare summarizedn the rightmostcol-
umnof Table2.14,andthe resultsfrom this methodagreewith the load-testmethod
on the samerobotto within +2%. The armaturereactioneffect, if presentwould be
expectedo give open-circuitvaluesof Ky, thatwereconsistentlhgreatethantheload
testvalues dueto field weakeningn thelattercase.Thereis no evidenceof thisbeing
asignificanteffect.

The considerableliscrepang with theload-tesmethodfor joint 6 is dueto cross-
couplingin thewrist mechanismln theload-tesiprocedureatorqueappliedto link 6

is transferredo theall thewrist motors. Thetorquerelationshigollowing from (2.38)
is

(2.56)

1,=G (2.57)

wheret,, is thevectorof motortorquesg, the vectorof torquesappliedto thelinks.
Using knowledge of the gearratios from Table 2.9 a unit torque appliedto link 6
resultsin motortorquesof

I,=[ 0 0 0 -0.000138 —0.002510 0.013040] (2.58)

13Removingthe fuseisolatesthemotor from the poweramplifier
14The use of other derivative approximationssuch as 3-point and 5-point derivatives has not been
investigated.



2.3 Electro-mechanicaldynamics 41

Axis | Low speed.| ARX | Kawasaki| Tarn
expt. | expt.

Base 2.1 - 16| 16

Wrist 6.7 5.1 3.83 -

Table2.15: Comparisorof measuredand manufactures valuesof armaturere-
sistancgQ). Experimentatesultsobtainedusing(2.59)and(2.61).

Only 83%o0f theappliedtorqueis transferredo joint 6, 16%to joint 5 andaround1%
tojoint 4. Thusthetorqueconstanwill beoverestimatedthetruevaluebeing83% of
theexperimentalalueor 0.0548.Thisis closeto thevaluedeterminedlirectly by the
open-circuitmethod. The valuesdeterminedoy meansof the backEMF testwill be
chosenasthe preferredvaluessincethe methodologyis free from the errorspresent
in theloadtestapproach.

2.3.2.3 Armatur eimpedance

Figure2.11shaovsthemotorarmaturémpedancdy, + sLy, whereRy, istheresistance
dueto the armaturewinding andbrushesandL, is inductancedueto the armature
winding. For the Puma560 armatureinductances low (around1mH [247]) and of
little significancesincethe motoris drivenby a currentsource.
ArmatureresistanceRy, is significantin determiningthe maximumachiezable
joint velocity by (2.74)but is difficult to measuralirectly. Resistanceneasuremeruf
a staticmotorexhibits a strongmotor positiondependencdueto brushandcommu-
tationeffects. A conventionallocked-otor testalsosuffersthis effect andintroduces
the mechanicaproblemof locking the motor shaftwithout remaving the motor from
the robot. Measurementen a moving motor mustallow for the effect of backEMF.
Combining(2.48)and(2.45)andignoringinductancewve canwrite

0;
Vi _ Rn+Re | K (2.59)
Vs Rs RsTm
wherethe secondterm representshe effect of backEMF, which may be minimized
by increasingthe torqueload on the motor, and reducingthe rotationalspeed. vy,
and vs are directly measurableand were fed to an FFT analyzerwhich computed
the transferfunction. The systemexhibited good coherenceandthe low frequeny
gain wasusedto estimateRy, sinceRs is known. Theresistancevaluesfor the base
andwrist motorsdeterminedn this fashionaresummarizedn Table2.15alongwith
manufactures datafor the 'similar' KawasakiPumamotors. The experimentsgive
thecompletemotorcircuit resistancéncludingcontributionsdueto thelong umbilical

cable,internalrobotwiring, andconnectors.
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It is possibleto simultaneoushestimateRy, andL, usingthe backEMF constant
alreadydeterminedandtime recordsof motorterminalvoltage,currentandshaftan-
gle. Firstit is necessario computehe motorvoltagecomponentdueonly to armature
impedance

V2., = Vin — K (2.60)

by subtractinghe estimatedackEMF. Equation(2.48)mayberewritten in discrete-
time ARX form as

Ve = (Rt Rlmt 2(1-2 Yy
= {iRatry+ ) Loz, @.61)

andaparameteidentificationtechniquaisedasfor thetorqueconstantase For joint
6 theidentificationresultsin estimate®f Ry, = 5.1Q andL,, = 0.83mH. Theinduc-
tanceis of a similar orderto thatreportedoy Tarnetal. [247], but theresistancesti-
mateis someavhatlower thanthatobtainedusingthe low-speedestdescribedabore.
Giventheapproximationsnvolvedin thelow-speedest,(2.59),theresultfrom (2.61)
is to bepreferredalthoughthe experimentalprocedures lesscorvenient.

2.3.2.4 MATLAB simulation model

Themodelof armaturemotionincludingfriction andstictionthathasbeendeveloped
is asimplifiedversionof thatproposedy Hill [117]for simulationof radio-telescope
antennae.Like a gearedrobot theseantennaehave high levels of friction relative
to maximumtorque. The armaturemotion is modelledby a non-linearsystemwith
two statescorrespondingo the motor being stationaryor moving. If the motoris
stationarytheappliedtorquemustexceedthestictiontorquefor motionto commence.
If thespeedalls belav athresholde thenthe motorentersthe stationarystate.

1 (2.62)

{ 0 if stationary
Q= . :

358 (T—Tc) if moving
Hill' sapproaclis somavhat moresophisticatedndrequiresa fixed stepintegration
algorithm. Thealgorithmis implementecasa MATLAB “S-function'andis available
for usein SIMULINK [182] models.It workssatisfactorilywith thebuilt in variable-
length-stepntegrationroutines.

2.3.3 Currentloop

TheUnimatecurrentoopis implementedn analogelectroniconthesocalledanalog
servoboard,one per axis, within the controllerbackplane.A block diagramof the
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Figure2.13: Block diagramof motorcurrentloop. Ey, is themotorbackEMF, Vi,
motorterminalvoltage,andRa theamplifier's outputimpedance.

Unimate currentloop is shavn in Figure2.13. The transferfunction of the block
markedcompensatowasdeterminedrom analysisof schematicf255] andassuming
idealop-ampbehaiour. Thecompensatoncludesanintegrator addinganopen-loop
poleattheoriginin orderto achieve Typel systentharacteristicg currentfollowing.
Theremainingdynamicsareatfrequenciesvell beyondtherangeof interestandwill
be ignoredin subsequenmodelling. The voltagegain of the block markedpower
amplifier, —k, hasbeenmeasuredsapproximately—-50.

Currentfeedbacks from a shuntresistorin serieswith themotor, seefFigure2.11.
The shuntsare0.2Q and0.39Q for the baseandwrist joints respectiely. The high
forward path gain, dominatedby the compensatostage,resultsin the closed-loop
gain,K;, beinggovernedby thefeedbackpath

m -1

Ki= 22— ___—
"M, 6.06xRs

(2.63)

The measuredrequeny responsef the joint 6 currentloop is shawvn in Figure
2.14,andthe magnitudeandphaseconfirmthe analyticmodelabose. Theresponse
is flat to 400Hz which is consistenwith Armstrongs [22] obsenation that current
stepsto the motor settlein lessthan500ps. The useof a currentsourceto drive the
motor effectively eliminatesthe motor's electricalpole from the closed-loopransfer
function.

The measureaurrent-looptransconductanoef eachaxisis summarizedn Table
2.16. The gainsare consistentlyhigherthan predictedby (2.63), but no morethan
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Freq (Hz)

-200

-2501

Phase (deg)

-3001

10 10
Freq (Hz)

Figure2.14: Measuredoint 6 current-loopfrequeng responsén/V,.

(3ot | KA/Y] [ A |

1 -0.883 8.83
2 -0.877 8.77
3 -0.874 8.74
4 -0.442 4.42
5 -0.442 4.42
6 -0.449 4.49

Table 2.16: Measuredccurrent-looptransconductanssand estimatedmaximum
current. The measuremernis a lumpedgain from the DAC terminal voltageto
current-loopoutput.

expectedgiven the toleranceof componentsisedin the variousgain stage®®. The
maximumcurrentin Table2.16is estimatedrom themeasuredransconductancand
themaximumcurrent-loopdrive of vi, = 10V.

15Thecircuitry usesonly standargrecision,10%, resistors.
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Figure2.15: Measuredoint 6 motor andcurrent-loogtransferfunction, Qm/M,,
with fitted modelresponse.

2.3.4 Combined motor and curr ent-loop dynamics

The measuredransferfunction betweenmotor currentand motor velocity for joint
6 is givenin Figure2.15,alongwith a fitted transferfunction. The transferfunction
correspondso a linearizationof the non-linearmodelof Figure2.10for a particular
level of excitation. Thefitted modelis

Qm _ 244

Vi, ~ (314 rad/s/V (2.64)

which hasapoleat5Hz. FromFigure2.10and(2.63)themodelresponsés givenby

—_—= 2.65
Vig  JeftS+Beft ( )

whereJes andBess arethe effective inertia and viscousfriction dueto motor and
transmissionFromthemeasuredbreakfrequeny andArmstrongsinertiavaluefrom
Table2.13the estimated:ffective viscousfriction is

Berf = 33x 107%x 31.4= 1.04x 10~3N.m.s/radm (2.66)
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Substitutinghesefriction andinertiavaluesinto equation(2.65)gives

== 2.67
Vi,  (33x 10 6)s+ (1.04x 10-9) (2.67)

Equatingthe numeratomwith (2.64),andusingknown K; from Table2.16leadsto an
estimateof torqueconstantof 0.060which is similar to the valuedetermineckarlier
in Table2.14.

The estimatedeffective viscousfriction is significantlygreaterthanthe measured
value of 37 x 10-®N.m.s/rad from Table2.12. This is a consequencef the linear
identificationtechniqueusedwhich yieldsthe 'small-signal'response The effective
viscousfriction includesa substantiacontribution dueto Coulombfriction particu-
larly at low speed.Coulombfriction may be linearizedusingsinusoidalor random
input describingfunctionsgiving aneffective viscousdampingof

kt
Berf =B+ ——" (2.68)

V204

wheregg is the RMS velocity, andk = 1.27 (sinusoidaljor k = 1.13 (random).

The large-signalresponsenay be measuredby stepresponseests,andthesein-
dicatea muchhighergain— approximately200rad/s/V. From (2.65)the DC gain
is

2.69
Beff (269

which leadsto an estimateof effective viscousfriction of 126x 10-°N.m.s/rad. As
expectedat the higherspeedthis estimates closerto the measuredriscousfriction
coeficient of Table2.12.

2.3.4.1 Currentandtorquelimits

Maximum motor currentprovidesan upperboundon motortorque. Whenthe motor
is stationarythe currentis limited only by thearmatureesistance

imax= 2
max— o
Rm

wherev, is the maximumamplifier voltagewhich is 40V for the Puma. From the
armaturgesistancelatagivenin Table2.15it canbeshovn thatthemaximumcurrent
givenby (2.70)is substantiallygreatethanthelimit imposeddy thecurrentioopitself.
Maximum currentis thusa functionof the currentloop, notarmatureresistanceThe
sustainecturrentis limited furtherby thefusesor circuit breakersyhich areratedat
4A and2A for thebaseandwrist motorsrespectiely. Thefuselimits arearoundhalf
themaximumachiezableby the currentloop.

(2.70)
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| JOint| Tiloop | Tfuse|

1 120 56
2 200 97
3 110 52
4 22 10
5 22 10
6 21 10

Table2.17: Maximumtorque(load referencedpat currentloop and fuse current
limits. All torquesin N.m.

Usingmaximumcurrentdatafrom Table2.16,andknown motortorqueconstants,
the maximumijoint torquescanbe computed.Table2.17shawvs thesemaximafor the
caseof currentlimits dueto the currentloop or fuse.

2.3.4.2 Back EMF and amplifier voltage saturation

A robotmanipulatowith gearedransmissiomecessariljhashigh motorspeeds,
andthushigh back EMF. This resultsin significantdynamiceffectsdueto reduced
motor torque and amplifier voltage saturation. Sucheffects are particularly signif-
icant with the Pumarobot which hasa relatively low maximumamplifier voltage.
Figure2.16shavs theseeffectsvery clearly— maximumcurrentdemands applied
but the actualmotor currentfalls off rapidly asmotor speedises. Combining(2.52)
and(2.48),andignoring motorinductancesincesteadystatevelocity andcurrentare
assumedthe voltageconstraintcanbewritten as

. T
|OKm+ K—RT| < Va (2.71)
m

whereRy is thetotal circuit resistance&omprisingarmatureresistanceRy,, andam-
plifier outputimpedancer,. Rising backEMF alsodiminishesthe torqueavailable
from theactuatorduringacceleration
. Km
Tavail = (Va— 6Km) Rr (2.72)
However during decelerationpack EMF works to increasemotor currentwhich is
thenlimited by thecurrentoop or fuse.Whenthefrictional torqueequalgheavailable

torque
. . Km
TC —|— GB = (Va —_ eKm) E (273)
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Figure2.16: Measuredanotorandcurrenioop responséor astepcurrentdemand
of Vi, = 10. Motor angle,velocity andcurrentversustime areshawvn. gmaxis the
steadystatevelocity, and Imean is the steadystatecurrent. The finite rise-time
onthe currentstepresponsés dueto the anti-aliasindfilter used. The sampling
intenal is 5ms.

thejoint velocity limit dueto amplifiervoltagesaturation

; VaKm—Rr1c
Ousg = ———— 2.74
vsd RTB—i—Kan ( )

is attained ArmatureresistanceR, andfriction, sene to lowerthis valuebelow that
dueto backEMF alone.The correspondingnotorcurrentis

BVa + KmTC

ivsg = ————— 2.75
IVSH RTB—|—KI% ( )

Experimentavereconductedn which the maximumcurrentdemandvasapplied
to eachcurrentloop, andthe motor positionandcurrenthistoryrecordedasshavn in
Figure2.16.Theinitial currentpeakis approximatelythe maximumcurrentexpected
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Joint|| Measured | Estimated
Busa | ivsa || Ovsa | ivsa
120 | 2.1|| 149| 3.2
163 | 0.26|| 165| 1.3
129 | 0.42|| 152| 1.7
406 | 0.56 || 534 | 0.84
366 | 0.39| 516 0.75
440 | 0.29|| 577| 0.51

OO, WN P

Table2.18: Comparisorof experimentahndestimatedrelocity limits dueto back
EMF andamplifier voltagesaturation.Velocity andcurrentlimits are estimated
by (2.74)and(2.75)respectiely. Velocity in radm/sandcurrentin Amps.

from Table2.16,but falls off dueto voltagesaturatiorasmotor speedises. Without

this effect the motor speedwould ultimately be limited by friction. Table2.18com-

parescomputednaximumjoint velocitiesandcurrentsvith theresultsof experiments
similarto thatleadingto Figure2.16. Theestimategor 6,ss aregenerallyhigherthan
themeasuredalues perhapsiueto ngglectingtheamplifieroutputresistancéwhich

hasnot beenmeasured)Measurementor joints 2 and 3 arecomplicatedvy the ef-

fectof gravity which effectively addsa configuration-dependetdrquetermto (2.72).
To counterthis, gravity torquewascomputedusing(2.36)and(2.35)andthe corre-
spondingcurrentsubtractedrom thatmeasuredAt voltagesaturationthe currentis

generallyaround30% of the maximumcurrentachiezableby the power amplifier.

2.3.4.3 MATLAB simulation

A completeSIMULINK modelof themotorandcurrentioopis shovnin Figure2.17.
This modelis a stiff non-linearsystemandis thusvery slow to simulate. The high-
orderpolesdueto motorinductancendthe current-loopcompensatoarearound300
timesfasterthanthedominanimechanicapoleof themotor. Non-linearitiesareintro-
ducedby voltagesaturationand Coulombfriction. The reducedordermodel,Figure
2.18,hassimilar non-linearcharacteristicbut doesnot have the high-orderpoles,is
muchfasterto integrate andis to be preferredor simulationpurposesincreasinghe
valueof Ry, above thatin Table2.15allows the modelto moreaccuratelypredictthe
saturatiorspeedandcurrent. This could be consideredasallowing for the currently
unmodeledamplifieroutputimpedance.

2.3.5 Velocity loop

Like thecurrentloop, the Unimatevelocity loopis implementedn analogelectronics
on the analogservoboard. A block diagramof the velocity loop is shovn in Figure
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Figure2.18: SIMULINK modelLMOTOR: reducedrdermodelof joint 6 motor
andcurrent-loopdynamics.

2.19,andincludesthe motor and currentloop blocks alreadydiscussed.The gains
Kgain andKye| aresetby trimpotsR31(GAIN) andR29(VELOCITY) respectrely on
eachanalogseno board. The UnimationPumadoesnot usea tachometeto measure
motorvelocity. Insteadavelocity signalis synthesizedrom thetriangularoutputsig-
nal from the motor'sincrementakncodetby ananalogdifferentiatoranda switching
network. The gainof the syntheticcachometehasbeenexperimentallydeterminedo

be
V.
Kiach = % = 34x 1073V.s/radm (2.76)

m

with someincreasen gain at frequenciesdelov 2Hz. From Figure2.19the closed-
loop transferfunctionfor themotor, currentandvelocity loopis

% _ KgainKiKm
Vo, Js + B + KiKnKgainKvelKtach

BI

(2.77)
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Figure2.19:Velocity loop block diagram.

It is desirablethat B' >> B in orderthatthe closed-loopdynamicsareinsensitie to
plantparametevariation,butin practicethisis notthecase.TheadjustablegainsKgain
andK,e provide interactingcontrolof the DC gainandclosed-loofpolelocation. The
measuredransferfunctionbetweemmotorvelocity andvelocity demandor joint 6 is
givenin Figure2.20andthefitted modelis

Qm —119

—— =—"""rad Vv 2.78

Vo, ~ (1486) "2dM’s/ (2.78)
Obsenre thatthe mechanicapole of themotorat 5Hz hasbeen'pushedout’ to nearly
25Hz by the action of the velocity loop. Substitutingknown numericvalues® into
(2.77)resultsin thetransferfunction

Qm 128

Vo, ~ (137 radnys/V (2.79)
andcomparesvell with themeasuredesult(2.78). Again, this transferfunctionrep-
resentghe small-signaresponsef thesystem.

The large signal gain for eachaxis hasalsobeendeterminedexperimentallyby
providing a stepdemando the velocity loop andmeasuringheresultantslopeof the
joint positionversustime curve. Theseresults,summarizedn Table2.20,arehighly
dependenbn the way the particularanalogvelocity loop hasbeen'tuned’, asgiven
by (2.77). It canbe seenthatjoint 2 hasa significantlyhighervelocity gainthanthe
others probablyto compensatéor its muchhighergearreductionratio.

A SIMULINK modelof the velocity loop is shavn in Figure2.21. This model
makesuseof themotorandcurrent-loopmodelLMOTOR developedearlier

16The gainsKgain = 2.26,andKe = 1.75weredeterminedy measuringhe transferfunctionbetween
adjacenpointsin thecircuitry with anFFT analyzerKye| = 6.06K], whereK/,, = 0.288is thegainof the
trimpotR29.
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Figure2.20: Measuredoint 6 velocity-looptransferfunction, Qm/Vg,,, with fit-
tedmodelresponsePhasedatais not shavn but is indicative of a signreversal.
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Figure2.21: SIMULINK modelVLOOP: motorvelocity loop.

2.3.6 Position loop

Thepositionloopis implementedn adigital servoboard— oneperaxis. Thisboard
utilizes a 6503, 8-bit microprocessoclockedat 1 MHz to closean axis positionloop
atapproximatelyl kHz, andalsoto executecommandgrom the hostcomputer{56].
Positionfeedbacks fromincrementaéncodersywhosecharacteristicaresummarized
in Table2.19,fitted to the motor shafts.The analogcontrolsignal,vpac, is generated
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Figure2.22: Unimationseno positioncontrol mode. The switch S2 routesthe

outputof the DAC to theleadcompensatoandvelocity loop.

| Joint | Encoderesolution| Counts/motorev. | Counts/radl|

250
200
250
250
250
250

OO, WN P

1000 9965
800 13727
1000 8548
1000 12102
1000 11447
500t 6102

Table2.19: Puma560joint encoderesolution.iNotethatjoint 6 is generallyrun
in 'divide by two mode',sothattheencodercountmaintaineddy the digital seno
boardis half the numberof actualencodeicounts.This is necessargincejoint 6

canrotatethrougha rangeof morethan2® counts.

by a 12-bitDAC with a bipolaroutputvoltagein therange-10V to 9.995V anddrives,
via ananalogcompensationetwork,theanalogvelocity demandTheoverall control

systemstructures shavn in Figure2.22.

A block diagramof the positionloop is givenin Figure2.23. The digital control
loop operatesat a sampleinterval of Tseno = 924pus. The encoderdemand,gy, is
provided by the hostcomputerat intervals of 2N Tseno WhereN is in the range2 to
7 resultingin hostsetpointintervals of approximately4.5, 7, 14, 28, 56 or 112ms
Themicroprocessdinearly interpolatedetweersuccessi positionsetpointsatthe
seno rate. At that samerate, the microprocessomplementsthe fixed-gaincontrol
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Figure2.23: Block diagramof Unimationpositioncontrolloop.

lawl? 10
Vpac = m(e'd —€m) (2.80)

whereé, is the desiredencodevaluefrom the interpolator and en is the measured
encodeicount. This controllaw hasbeenverifiedby disassemblyf themicroproces-
sor's EPROM andby measuringhetransferfunctionVpac/em. Theoutputvoltageis
avelocity commandwhichis conditionedby a phasdeadnetwork

13873 (2.81)

(373

soasto increaseheclosed-loohbandwidth.Thegainof 1.3 wasdeterminedy analy-
sisof thecircuit, but themeasuredjainfor joint 6 wasfoundto be1.13. A switchable
integral actionstage

31383 if therobotis 'on station’ (2.82)

10 if therobotis moving, or
| (S) =
@

is enabledoy the microprocessowhenthe axisis within a specifiedrangeof its set-
point. Integral action booststhe gain at low frequeng, increasingthe disturbance
rejection.

Thetransferfunctionof theleadnetwork(2.81)andintegral stage(2.82)introduce
againof aroundl11.3 beforethevelocityloop. Thevelocitycommandvoltage Vo, , is
limited by the circuit to therange+10V, sothe DAC voltagemustin turn be limited
suchthat

10
<—= 2.83
Vorel < 75 (2.83)

17sincethedigital controllerhasafixed gain, loop gainis adjustecby thevelocity-loopgain control.
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Joint|  w/Vpac Brmax émax/ Bysa

radm/s/V | radm/s radm/s
1 -101 89 74%
2 -318 281 172%
3 -90.2 80 62%
4 -366 324 80%
5 -235 208 57%
6 -209 185 42%

Table2.20: Measuredstep-responsgains,w/vpac, of velocity loop. Stepmag-
nitudewasselectedso asto avoid voltagesaturationeffects. Thesegain values
includethe effect of the position-looplead networkand switchableintegral/gain
stage. Bmax is the estimatedmaximumvelocity due to the velocity loop when
Vg, = 10V. Rightmostcolumnis ratio of velocity limits dueto velocity loop and
voltagesaturatioreffects.

This limits the usablevoltagerangefrom the DAC to only +0.88V — thatis only
9% of the availablevoltagerange,andgivesan effective resolutionof lessthan8 bits
on velocity demand. This saturationof the velocity-loopdemandvoltageis readily
apparentn experimentation.From measuredelocity-loopgains,w/vpac, shovn in
Table2.20andknawledgeof maximumDAC voltagefrom (2.83),the maximumjoint
velocitiescanbedeterminedThesemaximaaresummarizedn Table2.20alongwith
theratio of velocity limits dueto velocity loopandvoltagesaturatioreffects. For most
axesthemaximumdemandegbint velocity is significantlylessthanthelimit imposed
by voltagesaturation.The only exceptionis joint 2 which, asobseredearlier hasan
abnormallyhigh velocity-loopgain.

Root-locusdiagramdfor the joint 6 positionloop areshowvn in Figures2.24 and
2.25. For the casewith no integral actionthe dominantpole is on the real axis due
to the open-looppole at the origin moving towardthe compensatozero,resultingin
a closed-loophandwidthof 32Hz. The complex pole pair hasa naturalfrequeny of
57Hz anda dampingfactorof 0.62. With integral actionenabledhe dominantmode
is alightly dampedcomple pole pairwith anaturalfrequeng of aroundl.2Hz anda
dampingfactorof 0.25.

A SIMULINK modelof thepositioncontrolleris shavnin Figure2.26. Thestruc-
ture of the switchableintegral actionstageis somavhat differentto Figure 2.23 but
morecloselyrepresentshe actualcontroller, in particularwith respecto 'bumpless'
switching of the integrator This modelis usedextensiely in later chapterswhen
investigatinghe behaiour of visual-loopclosedsystems.
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Figure2.24:Root-locusdiagramof positionloopwith no integral action.
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Figure2.25: Root-locusdiagramof positionloop with integral actionenabled.

2.3.6.1 Hostcurrent control mode

The Unimatedigital serno boardalso allows the motor currentto be controlled
directly by the host. In this modethe DAC outputvoltageis connectedlirectly to
the currentloop as shawvn in Figure2.27. The DAC is updatedwithin Tseno Of the
setpointbeinggiven. This modeis usefulwhenthe hostcomputeiimplementsts own

axiscontrolstrateyy.

2.3.7 Fundamental performancelimits

A summaryof therobot's performancdimits is givenin Table2.21. Thevelocity lim-
its aredueto backEMF andvoltagesaturationgiven previously in Table2.18. The
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Figure2.27:Block diagramof Unimationseno currentcontrolmode.Theswitch
S2is usedto routethe hostsetpointdirectly to the current-loopdemandvia the
DAC, bypassinghevelocity loop andleadcompensator

torquelimits arederived from the fuse-limitedcurrentandtorqueconstandatafrom
Table2.14. Accelerationlimits areestimatedrom the torquelimits, maximumnor-
malizedlink inertiafrom Table2.10,andarmatureanertiafrom Table2.13. Note that
the velocity andacceleratioomaximaare mutually exclusive — maximumaccelera-
tion canbeachieved only at zerovelocity or duringdecelerationMaximumvelocity
occurswhenachiezableaccelerations zero.
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Joint || Motor referenced || Loadreferenced

¢} T 8 6| 1| 6
1201 0.91| 8401 1.92| 56| 13
163 | 0.91| 3200 1.51| 97| 30
129 | 0.97 | 3000 2.40| 52 | 55
406 | 0.14 | 38001|| 5.34| 10| 49
366 | 0.14 | 4000 5.09| 10| 55
440| 0.11 | 3700|| 5.74| 10| 48

OO, WN PP

Table2.21: Summaryof fundamentatobot performancdimits.

2.4 Significanceof dynamic effects

Whennumericparameterare substitutednto the symbolictorqueexpressiongrom
Section2.2.2it become<learthat the varioustorque contributions vary widely in
significance.For example,the acceleratiorof joint 6 exerts a very small torqueon
joint 2 comparedo the gravity load on that axis. While considerablditeraturead-
dresseslynamiccontrol of manipulatorsjessattentionis paidto the significancepr
relative magnitude of the dynamiceffects. In much early work the velocity terms
wereignored,partly to reducethe computationaburden,but alsoto acknavledgethe
reality thataccuratepositioningandhigh speedmotion areexclusive in typical robot
applicationsSeveralresearcherd 19,153,164] have investigatedhedynamictorque
component$or particularrobotsandtrajectoriesUnfortunatelythesignificanceof the
torquecomponentss highly dependentiponbothrobotandtrajectory Khosla[153]
for examplefoundthat,for the CMU DD-II arm,inertiatorquesdominate.

RecentlyLeahy [162] hasproposedstandardrajectoriesfor the comparisonof
model-basedontrollersfor thePuma560robot'8. Figure2.28shavsthetorquecom-
ponentsfor the proposedesttrajectory Leahy's minimum jerk trajectoryalgorithm
wasnot available so a seventh orderpolynomialwasusedinstead,andthis seemgo
have resultedin maginally higher peakvelocitiesandaccelerationslt is clearthat
friction, gravity andinertiatorquesaresignificant.Anothersignificantfactoris torque
limitation dueto voltagesaturation Figure2.28shavs the availabletorquecomputed
asa function of joint velocity, andthis limit is clearly exceededn the middle of the
trajectory The proposedrajectoryis perhapsoo closeto the robot's performance
limit to beof useasabenchmark.

Symbolic manipulationof the dynamicequationsprovides anotherway to gain

18unfortunatelythe proposedstandards expressedh termsof startandfinish joint angles but doesnot
specifythejoint anglecorventionused.Howeverstudyof earlierwork by Leahy[164] indicateghatheuses
the corventionof Lee[166]. Anotherunfortunateomissionwasthe “minimum jerk” trajectorygenerator
algorithmused.
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Figure2.28: Breakdavn of torquecomponentdor Leahy's proposedesttrajec-
tory. Joints1, 2 and3 shovn down the page. The curvesare marked;T total
torque,F friction, G gravity, | inertia,andV velocity terms.The curve markedA
is theavailabletorquedueto amplifiervoltagesaturation(2.72),andfusecurrent
limit.
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Rank Jointl Joint2 Joint3
1 —0.69165; 6 37.23C, —8.74453
2 1.505C,% 1 4.182¢ 0.686443
3 —1.943%?°Co S G —8.744%3 0.2498C4% 3
4 1.301C,%C3% 61 —0.7698%3 6 —0.3849536
5 —1.637C32Cr S 41 (2 —0.3849%: 63 0.1688542 63
Rank Joint4 Joint5 Joint6
1 0.192164 0.17134s5 0.194186
2 0.0282553%S5 —0.02825C,3S5 0
3 —0.001244%4 S5 63 —0.02825C4C5 S3 0
4 0.0012445:5; S5 6o 0.001244C4Cs (i3 0
5 —0.001244%4 S5 6o —0.001244C4Cs 362 0

Table 2.22: Rankingof termsfor joint torque expressions. Computedat 20%
peakacceleratiorand 80% peakvelocity. Motor armatureinertia is included.
Coeficientsareshavnto 4 figures.

insightinto the significanceof variousdynamiceffects. After numericalsubstitution
into the symbolicequationghe termsin the torqueexpressiongomprisea numeric
coeficient multiplied by a function of manipulatorstatevariables.The magnitudeof
the coeficient is relatedto the significanceof thattermto the total torque. Velocity
termscontaineithera velocity squarecdr a productof velocitiesandmay be signifi-
cantdespitea small coeficient. The procedureantroducedhereinvolvessettingjoint
velocitiesandaccelerationso nominalvaluesprior to rankingthe magnitudeof the
terms.Thenominalvalueschoserare20%of the maximumaccelerationand80% of
themaximumvelocity asgivenin Table2.21. Table2.22shavs the5 mostsignificant
dynamictermsfor eachtorqueexpressionat the nominal velocity and acceleration.
As expected gravity rankshighly for joints 2 and3, followedby inertia. Joint3 has
anoff-diagonalinertial componentndicatingsomecouplingwith joint 2. Joint1 has
significantCoriolis couplingwith joint 2 andto alesserextentjoint 3. Thewrist joints
aredominatedy inertia, with gravity andinertial couplingeffectsoneandtwo orders
of magnitudedown respectiely.

2.5 Manipulator control

2.5.1 Rigid-body dynamicscompensation

In corventional manipulatorcontrol, for instancethe standardUnimate controller,
eachaxis is independentlyontrolled,andtorquesdueto inertial coupling, Coriolis,
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Figure2.30: Feedforwaratontrolstructure.

centripetabndgravity effectsaretreatedasdisturbancesGearinghelpsto reducethe
configuratiordependencef somedynamiceffects,andalsoreduceshemagnitudeof
disturbanceaorquesat the motor. The quality of trajectorytrackingis directly related
to the disturbanceejectioncapability of the axis serno. However given knowledge
of themanipulatorsequationof motion,inertial parametersandmanipulatorstateit
is possibleto computethe joint torquerequiredto follow a trajectory andexplicitly
counterall thedisturbanceorques.

The two major forms of control incorporatingmanipulatordynamicsthat have



62 Modelling the robot

beenproposed69] are:

1. Computedtorquecontrol, shavn in Figure2.29. The torquedemandfor the
actuatorss

Q=M(a) {Ku(Gy — @) + Kp(Q, — Q)+ } + C(6 3+ F(&) + G(0) (2:84)

whereK, is the positiongain,andKy the velocity gain, or dampingterm. The
inversedynamicsare'in theloop' andmustbe evaluatedeachseno interval,
althoughthe coeficientsof M, C, andG could be evaluatedat a lower rate.
Assumingideal modellingand parameterizatiorthe error dynamicsof thelin-
earizedsystemare

é+Kve+Kpe=0 (2.85)

wheree = qq — g. Theerrordynamicsof eachaxisareindependenéanda func-
tion only of the chosengain matrices. In the caseof model error there will
be couplingbetweeraxes,andthe right-handsideof (2.85)will be anon-zero
forcing function.

2. Feedforwardcontrol, shavn in Figure2.30, linearizesthe dynamicsaboutthe
operatingpointsqq, §q anddq, by providing the grosstorques

Q=M (gd)gd + C(gd gd)gd + F(gd) + G(gd) + {Kv(gd - 9) + Kp(gd - 9)}
(2.86)
whereKp is thepositiongain,andKy is thevelocity gain,or dampingterm. The
inversedynamicsarenot'in theloop' andcanbeevaluatedatalowerrate, Tt s,
thanthe error feedbacKoops, Tsp. Again assumingdeal linearizationof the
plant,theerrordynamicsaregivenby

M(q,)é+Kvé+Kpe=0 (2.87)
which areseento bedependentiponmanipulatorconfiguration.

In eachcasethe positionand velocity loops are only requiredto handlemodelling
errorsanddisturbancesBoth techniquesequireaccurataedeterminatiorof manipu-
lator stateandin particularjoint velocity. Commonly robotshave only joint position
sensorsovelocity mustbeestimatedKhosla[151] describes “leastsquaresligital
filter” for this purposeput otherreportson model-basedontrol experimentsdo not
discusghisissue.

Thereis relatively little experimentalevaluationof the dynamiccontrol of robot
manipulators.Onereasoris the lack of manipulatordor which theserigid-body dy-
namiceffectsare significant,thoughthis situationhaschangedver the last5 years.
Most commercialrobotsare characterizedby high gearratios, substantiajoint fric-
tion, andrelatively low operatingspeed— thusindependenjoint control suffices.



2.5Manipulator control 63

Gravity loadingis commonlycounteredy introducingintegral actionto the position
loopwhennearthe destination.

A numberof studieshave investigatedhe efficagy of the controlstrategjies(2.84)
and (2.86) for the Puma560 and variousdirect drive robots. In generalthe per
formancemetric usedis high-speedpositiontracking error. Valavanis, Leahy and
Saridis[257] reportedon computedorquecontrolfor a Puma600 robot, andfound
the performancenferior to individualjoint control. Thediscussions not specific,but
it would seenproblemsn modelling,andthelow sampleratemayhave contributedto
theresult. They concludethatfor sucha highly gearedmanipulatoy gravity andfric-
tion overwhelmthejoint interactionforces.Laterwork by Leahyetal. [161,162,165]
concludeghattrackingperformancemproveswith the completenessf the dynamic
modelwhich ultimately includesfriction, velocity termsand payloadmass. Leahy
alsofindsthatcomputedorquecontrolis superiorto feedforwardcontrol.

As alreadyalludedto, it is possibleto computethe feedforwardorqueat a lower
ratethanthe feedbacktorque. Leahy[162] investigatedhis for feedforwardtorque
control andfinds acceptableerformancevhenTs; is up to eighttimeslongerthan
Tsp. Accuray is increasedf thefeedforwardorqueis computedatthefeedbackate,
but with the feedforwardtorque coeficients, M(q,), C(q,, q,), andG(g,), evalu-
atedatthelowerrate. Theseapproachesanreducetheonline computationaburden.
Sharkg et al. [228] provide a strongerreasonfor sucha control stratgy. They ar
guethattheinertial compensatiomeednot be computedat a ratebeyond the desired
closed-loopbandwidth. Inertial parameteruncertaintymeansthat high-bandwidth
controlshouldberestrictedo localjoint feedbacksoasto controlunmodeledlynam-
ics. High-bandwidthinertial compensationin conjunctionwith poorinertial models,
wasfoundto couplenoisebetweeraxes,leadingto poorcontrol.

In the lastdecadewith the availability of high-torqueactuatorsa numberof ex-
perimentalirect-drive robotshave beenbuilt to exploit the potentiallygreateperfor
manceachieableby eliminatingthecomplex transmissionSeveral studieshave com-
paredthe two control stratg@ies describedand Khosla[152] concludeslike Leahy
thatthe computedorqueschemagivesslightly betterperformancehanfeedforward
controlwhenmodellingerrorsare present.If an exact modelis available thenboth
schemesvould give the sameresults. Khoslaalsofound that the off-diagonalterms
in the manipulatorinertia matrix were significantfor the CMU DD-Il arm. An et
al. [11] evaluateda spectrunof controlstratgiesfor the MIT SLDD Arm, including
independenjpint control,gravity feedforwardandfull dynamicsfeedforward.They
concludethat feedforwardcontrol significantlyimprovesfollowing accurag at high
speedandthatmodelaccurag wasimportant.Furtherwork [10] finds no significant
differencebetweerfeedforwardandcomputedorquecontrol.

A moreradical approachis to designthe manipulatorso asto simplify the dy-
namics. The MIT 3DOF direct drive arm [287] usedclever mechanicaldesignto
ensurethat the manipulators inertia matrix is diagonaland configurationinvariant.
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This is achieved by placing all actuatorsremotelyand transmittingthe torque via
a transmissiongliminating the reactiontorquestransmittedbetweenadjacentinks.
This approachsimplifies dynamiccontrol, and ensuresuniformity of responseover
thework volume.TheMinnesotadirectdrive arm[145] is staticallybalancedo elim-
inategravity forces.The principalbenefitsaccruenot somuchfrom simplificationof
the dynamicsexpressionsbut from the useof smaller(andlighter) motorsdueto the
eliminationof steadystateholdingtorques.

2.5.2 Electro-mechanicaldynamicscompensation

As seenfrom Section2.4 friction andvoltagesaturationeffects are significant. The
latter cannotbe compensatetbr — it is afundamentatonstraintin motionplanning
[17]. However a numberof strat@ies have beenproposedto counterfriction and
include[43]:

¢ high-gaincontrol loopsto reducethe effect of non-linearities put with limit-
cyclesasapossibleconsequence

¢ addinga high frequeny 'dither' signalto the torquecommandat the expense
of possiblyexciting high orderstructuraldynamics and possiblefatigueof ac-
tuatorsandbearings;

e compensatiomy non-linearfeedforwardof friction torque,which requiresan
accuratanodelof thefrictional characteristicef thejoint.

Canuda®e Wit [43] describesheeffect of underandover compensatiownf esti-
matedfriction on systemnstability for PD joint controllers.He thendescribesnadap-
tive compensatioschemewhich estimateghe unknown frictional characteristicsA
major sourceof difficulty is noise-freedeterminatiorof low velocity. He proposes
a combinedfeedbackandfeedforwardcompensatowherethe feedforwardorqueis
computedrom measuredelocity above a velocity threshold andfrom desiredveloc-
ity belav thethreshold Experimentatesultsconfirmedthe operationof theproposed
algorithm. The controllersdescribedn Sections8.1 and 8.2 usethis techniquefor
friction compensation.

2.6 Computational issues

Model-basedlynamiccontrol,eitherby computedorqueor feedforwardrequiresghe
rapid computatiornof the manipulatorsinversedynamics. Throughthe 1980smuch
literature was devoted to ways of computingthe inversedynamicssuficiently fast
on microprocessohardwareto allow online control. The approachesave included
DSPdevices[138], parallelprocessingtablelookup [209], andspecialarchitectures
[18,168,172,208].
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Mary of thereportsseento have focussemn atargetof 6-axistorquecomputation
timein aroundl msbut thislevel of performancenaybeunwarrantedLuh etal.[177]
indicatea seno rateof atleast60Hz is requiredandPaul [199] suggests seno rate
of 15timesthe higheststructuralresonancetHowever the coeficientsof the dynamic
equationgdo not changerapidly sincethey area function of joint angleandmay be
computedat a fraction of the rate at which the seno equationsare evaluated[201].
Sharkg etal. [228] gofurtherandcontendhatit maybedisadwantageous compute
rigid-body dynamicsata high ratesincethedynamicmodelis unlikely to beaccurate
atthosehigh frequenciesComputatiorof the rigid-body dynamicsfor all 6 jointsis
alsounnecessargincethe dynamiceffectsare mostsignificantfor the baseaxes as
shavnin Table2.22. Anothertrendin the 1980swasthe increasingpower of general
purposesymbolic algebrapackagesenablingresearcherso readily manipulatethe
very complex dynamicequationsof motion. Symbolicsimplification,in conjunction
with modernmicroprocessorgyffers anattractve alternatve to specializechardware
architecturesThe next sectiongeview work in the areaof parallelcomputatiorand
symbolicsimplificationandthencontrasthe two approaches.

2.6.1 Parallel computation

Lathrop[159] provides a good summaryof the computationaissuesinvolved and
someapproacheso parallelism. A significantproblemin usingmultiple processors
is schedulinghe componentomputationatasks.This difficult problemis tackledin
mary differentways, but is essentiallyan 'off-line' processhat needbe doneonly
once.lmportantissuesn parallelizationinclude:

e Level of decomposition.Is the minimum scheduleccomputationa dynamic
variable matrix operatiornor scalamrmultiplication?As the parallelismbecomes
more fine grained,interprocessocommunicationdandwidthwill becomea
limiting factor.

o Utilization profile or load balancing. It is desirableto keepall processoras
fully utilized aspossible.

e The'speedup' achieved, thatis, the executiontime ratio of the multiproces-
sorimplementatiorto the singleprocessoimplementation.The speed-ugan
never exceedthe numberof processorsandthe ratio of speed-ugo numberof
processorss someindication of the benefitgained,or efficiengy of multipro-
cessing.

Luh [176] demonstratethow six processorgould be usedto achieve a speed-up
of 2.64 for computationof the manipulatorinversedynamics. A “variablebranch-
and-boundtechniquewasdevelopedto scheduleghe computingtasks. Nighamand
Lee [194] proposean architecturebasedon six 68020processorswith the parallel



66 Modelling the robot

computationscheduleananually Integerarithmeticis proposedandwith 16.7MHz

devicesatime of 1.5msis predicted,but issuessuchassharedresourcecontention
or synchronizatiorarenot discussednor is theimprovementover singleCPU perfor

mancegiven. Khosla[150] alsodescribes manualapproactto schedulinghe com-
putationsonto8 processor$or the NE formulation,to achieve an81%time reduction
(speed-umf 5.3). Kasaharaand Narita[144] describean automaticapproacho the
np-hardproblemof multiprocessoscheduling.They shav the decompositiorof the
dynamicsof a six-axisrevolute robotinto 104 computationatasks,anda maximum
speed-umf 3.53for four CPUs.

An alternateapproachs to partitionthe probleminto oneaxis per processorUn-
fortunatelythe recursve natureof the RNE computationis suchthat the inwardre-
cursionfor link i cannotbe initiated until the outwardrecursionfor links i + 1 to n,
andinward recursionfor links n to i + 1, have beencompleted. However the inter-
actionforce andmomentfrom the inward recursioncanbe predictedfrom previous
values,andthis allows eachjoint processoto operateéndependentlyVuskovic [263]
investigatesheerrorsintroducedoy prediction;zero-ordeipredictiongave acceptable
results,andthe erroris shavn to reducewith sampleinterval. First-orderprediction
waslesssuccessful.A speed-ugactor of 6 over a single processowas achieved,
without the needfor complex off-line taskschedulingandin fact the processorgan
operatecompletelyasynchronouslyYii etal.[286] alsodescribea zero-ordepredic-
tive systemput provide no experimentakesults.

Lathrop[159]usesadirectedgraphto representheRNE formulation,with groups
of parallelprocessorateachnode.Corventionalandsystolicpipelinedstructuresre
proposedvith a speed-upmf two ordersof magnituderequiring180'simple’ matrix-
vectorprocessorfor the6-axiscase.This approachs thenextendedto anew parallel
implementationwhich hasO(log, n) costrequiring 637 matrix-vectorprocessors$or
6 axes.

Hashimotcetal. [112] describea parallelform of theRNE equationglerivedfrom
analysisof datadependencgraphs.For n joints the computatiorcanbedividedinto
n approximatelyequalparalleltasks.Laterwork [113] discussesheimplementation
of this algorithmfor 3-axisdynamiccontrol of a Puma560 with threetransputers,
achieving adynamicscomputatiortime of 0.66ms.

2.6.2 Symbolicsimplification of run-time equations

Symbolicexpansionof the equation®f motion hasbeenpreviously discussedh Sec-
tion 2.2.2,but the sum-of-producform is too expensve for run-timeevaluationsince
theinherentfactorizatiorof theRNE form hasbeernlost,andsymbolicre-factorization
is prohibitively expensve. A far betterapproachs to retainfactorsduring symbolic
evaluation.In thiswork whenerer anintermediatexpressiorgrowsto becomeasum
of morethanoneproducttermthenthatexpressions replacedoy a singlenew vari-
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Method 3-axis 6-axis
Mul | Add | Factors| Mul | Add | Factors
Generakolution 402 | 345 852 | 738
Symbolically simplified by | 238 | 108 45| 538 | 254 106
MAPLE
Symbolic simplified by | 203 | 59 39| 358| 125 93

MAPLE after parameter
valuesubstitution

ARM closedform 461 | 352
ARM recursve form 224 | 174
IzaguirreandPaul [131] 331 | 166
Leahy[164] 304 | 212

Table 2.23: Operationcount for Puma560 specificdynamicsafter parameter
valuesubstitutiorandsymbolicsimplification.

able, which is equatedo the previous expression. Table 2.23 shavs the operation
countfor this factoredsymbolicrepresentatiofor aPuma560,aswell asthe number
of factorssogeneratedTheoperationcountis considerablyessthanthegeneraform

givenin Table2.2. Substitutinghumericvaluesfor inertial parameteranary of which

arezero,reducegheoperationcountstill further.

ARM hasbeenused[192] to generatecustomizedcomputationdor both direct
andinversedynamics. Theinversedynamicscanbein closedor recursve form, the
latterbeingmostadwantageous$or highernumbersof joints. Theresultsof ARM are
comparedvith theresultsobtainedusingthewriter's MAPLE programin Table2.23.
The MAPLE resultscomparevery favorablywith thoseof ARM for the comparable
closedform solution. ARM' s factoredrecursve form hasnot beenimplementedwith
MAPLE. Anothersymbolicapproaclgeneratesomputationallyefficientformsof the
inertia andvelocity termsvia a Lagrangianformulation[131]. Written in LISP, the
programsreada manipulatorparametefile, andwrite 'C' functionsto computethe
M, C andG matricesasfunctionsof manipulatorstate.

2.6.3 Significance-basedimplification

Asshovnin Table2.22thetermsin thetorqueexpressionwary greatlyin significance.
This canbe seenclearlyin Figure2.31 which shavs a histogramof the distribution
of thesecoeficient magnitudedor the Puma560's joint 1 torque expression. The
mediancoeficient magnitudeis nearly four ordersof magnitudebelow that of the
greatestoeficient. In this sectionwe investigateéhe possibilityof ‘culling’ theterms,
keepingonly thosethat contribute 'significantly' to the total joint torque. Using the



68 Modelling the robot

300

250 fl n
200 . i
Z 150 i
100 a

50~ N

oLl H\H Fﬂm lal

-5 -4.5 -4 -35

H \HHH ool Qi im0
-25 -2 -1.5 -1 -0.5 0

-3
10g1 o]

Figure 2.31: Histogramof log,q|a1j| coeficient magnitudefor 1,1, normalized
with respecto the greatestoeficient, for the Puma560. The medianvalueis
-3.67.

nominalvelocityandacceleratiowaluesasin Section2.4thetorqueexpressionsvere

truncatedat coeficientmagnituddessthan5% and1% of thegreatestoeficient. The

numberof remainingtermsfor eachaxisaresummarizedn Table2.24. A comparison
of moreelaborateculling methodss givenin [53].

To investigatethe effect of culling on accurag a simple Monte-Carlostyle sim-
ulationwasconducted.Error statisticswere collectedon the differencebetweerthe
full andtruncatedorqueexpressiongor N randompointsin manipulatorstatespace.
The joint angleswere uniformly distributedin the joint anglerange,while velocity
and acceleratiorwere normally distributedwith the 20 valuesequatedo the limits
from Table2.21. Theseresultsarealsosummarizedn Table2.24. Truncationto 5%
introducesnggligible errors,exceptfor joint 2. A goodcompromisavould appeato
be culling to 1% significancefor joint 2 and5% for all others. At the 5% level only
4% of thetermsremainin thetorqueexpression Onlinetorquecomputatiorbasedn
thesetruncatedorqueexpressionss usedin the controllerdescribedn Section8.2.

2.6.4 Comparison

To placesomeof theseefforts in context, the executiontimesof the RNE formulation
for a 6-axis Puma560 are given in Table 2.25. The matrix numericexamplesby
the authorwere written in 'C' in a straightforwardmanner while the symbolically
simplified examplesweregeneratecdutomaticallypy MAPLE with someminor code
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Joint | Norig 5% significance
Neerms Td Oty maxAt
1 1145 162 | 0.0027| 0.0978| 0.4599
2 488 8 | 0.0814| 6.6640| 22.7200
3 348 19 | 0.0218| 0.6881| 2.5660
4 81 3 | -0.0002 | 0.0188| 0.0847
5 90 4 | -0.0003| 0.0217| 0.0891
6 18 2 | 0.0000| 0.0010| 0.0032
2170 199
Joint | Norig 1% significance
Neerms Td Ory | MaxAt
1 1145 333 | -0.0013| 0.0251| 0.1024
2 488 36 | 0.0158| 0.7514| 2.8470
3 348 39 | -0.0041 | 0.1420| 0.5907
4 81 30 | -0.0001| 0.0027| 0.0134
5 90 36 | -0.0002 | 0.0031| 0.0165
6 18 2| 0.0000| 0.0010| 0.0032
2170 476

Table 2.24: Significance-bagtruncationof the torqueexpressionsThis shaovs
theoriginalnumberof termsin the expressionandthe numberaftertruncatingto
5% and1% of themostsignificantcoeficient. Also shovn arethemean standard
deviationandmaximum(all in N.m) of theerrordueto truncationcomputecdver
1000randompointsin manipulatorstatespace All torquesarelink referenced.

massagingerformedby sed scripts. Table2.25shavs that, for the sameprocessqr
the factoredsymbolicform executesapproximately3 timesfasterthanthe numeric
matrix form of (2.12)to (2.25). This ratio of 3 would be expectedfrom examining
the operationcountssummarizedn Table 2.23. The fairly 'ordinary' single board
computerfor robot control in this work, a 33MHz 68030, is able to computethe
torquefor thefirst 3 axesin only 800ps.
In orderto comparescalarandparallelimplementationa computationag¢fiiciengy
metricis proposed
nx 10°
L N fclod<T
wheren is the numberof axes, N the numberof processorsf o« the CPU clock
rate,andT the executiontime. Clock rateis includedto enablecomparisorbetween
scalarandparallelimplementation®n the sameCPU type, but is not meaningfulin
comparisoracrosrocessotypes.
Table 2.26 comparegwo reportedparallelimplementationsvith scalarresults
generatedy the authorfrom Table 2.25. The parallelimplementationsare shavn

(2.88)
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Processor Approach Axes | Year| Time

(bs)

PDP-11/49177] assembleRNE 6 | 1982 | 4500
Sun3/6G 'C' generaRNE 6 | 1988 | 13400
pPD77230DSP[138] assemblemgeneraRNE 6 | 1989 550
Sun4/20(SLC) T 'C' generaRNE 6 | 1990| 1630
T800x 3[112] Occamparallelprocessing 3 | 1989 660
T80525MHz} 'C' + symbolicsimplification 3 | 1989 570
T80525MHz} 'C' + symbolicsimplification 6 | 1989 | 1140
68030+688883MHz} | 'C' + symbolicsimplification 6 | 1989 | 1580
68030+688883MHz} | 'C' + symbolicsimplification 3 | 1989 795
Sun4/2Q(SLC)y § 6 | 1990 548
Sun4/2Q(SLC); § 3 | 1990 362
SparcStatior O} " 6 | 1993 65

Table2.25: Comparisorof computatiortimesfor Puma560 equationf motion
basedon RNE formulation. The given yearis an indication only of whenthe
particularcomputingtechnologywasfirst introduced. Thosemarkedwith a t
were benchmarkedy the writer, usingthe GNU C crosscompilerv2.2.3for
68030, gcc v2.4.5for the Sparcand Helios C v2.05 for the transputer T805.
Compileroptimization,-O, wasenabledn all cases.

to makepooruseof thecomputinghardware Thisis fundamentallypbecausé¢hey are
usingadditionalhardwareto performarithmeticoperationswvhich canbe eliminated
off-line. It canbeconcludedhatoff-line symbolicmanipulationhigh-levellanguages
and state-of-the-artomputergprovide a simple and powerful meansof computing
manipulatordynamicsat a sufiicient rate. The generatiorof symbolicallysimplified
run-timecodein 'C' from a Denait-Hartenbeg parametefile executesin lessthan
15s on a Sun SparcStatior?2. Specializechardwareor parallel softwarewith their
inherentiong developmentimesmustnow be seerasanunattractve approacho the
online computationof manipulatordynamics. The off-line computationakffort de-
votedto schedulingparallelcomputatior[144,176,194], describedn Section2.6.1,
would perhapsave beenbetterdevotedto symbolicsimplification.



2.6 Computational issues

Approach CPU| fugok | N T n n
(MHz) (ms)

Nigham&Lee | 68020 16.7| 6 1.5 6 || 39.9

Corkey 68030 33(1| 20 6 || 119

Hashimoto T800 20: | 3| 0.66 3 76

Corkey T805 251 1| 3.8| 057 211

Table2.26: Comparisorof efficiency for dynamicscomputationjWritten by the
author seeTable2.25.Clock speedf 20MHz is assumeanly.
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Chapter 3

Fundamentalsof imagecapture

This chapterintroducessomefundamentabspectof imageformation and capture
that are particularlyrelevantto visual serwing. Camerasare often treatedas black
boxeswith a coupleof adjustmentings, but beforean imagebecomesvailablein
a framestordor computeranalysisa numberof comple, but frequentlyoverlooked,
transformation®ccur Theseprocessingtepsaredepictedn Figure3.1andinclude
illumination, lens, sensor cameraelectronicsand digitizer, and eachwill introduce
artifactsinto the final digital image.Particularlyimportantfor visualserwing arethe
temporalcharacteristicef the camerasincethe cameras shutteractsasthe sampler
in avisualcontrolloop.

This chaptemwill systematicallyexaminethe procesof imageformationandac-
quisition, generallyoverlooked,prior to it beingdigitally processed.The effects of
eachstageareexaminedanda detailedmodelbuilt up of the cameraandimagedig-
itizing system. A particularcamera,Pulnix TM-6, and digitizer, DatacubeDIGI-
MAX [73], areusedasconcreteexamplesfor modeldevelopmentbut aretypical of
CCD camerasinddigitizersin general.

3.1 Light

3.1.1 lllumination

Light is radiantenegy with a capacityto producevisual sensatiorandphotometryis
that part of the scienceof radiometryconcernedvith measuremertf light. Radiant
enepy striking a surfaceis calledradiant flux andis measuredn watts. Radiantflux
evaluatedaccordingo its visualsensations luminousfluxandis measuredh lumens
Theratio of luminousflux to radiantflux is luminositymeasured lumens/wattThe

73
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Figure3.1: Stepsnvolvedin imageprocessing.

photopid luminosity curve for a'standardobserer is shavn in Figure3.2.
Theluminousintensityof a sourceis theluminousflux perunit solid anglé mea-

suredin lumens/stor candelas.Somecommonphotometricunits aregivenin Table

3.1. For apointsourceof luminousintensityl theilluminancek falling normallyonto

asurfaces |

E= (3.1)

wherel is the distancebetweensourceand the surface. Outdoorilluminanceon a
bright sunry dayis approximatelyl0,000x, whereaoffice lighting levels are typi-
cally around1,000x. Theluminanceor brightnessof a surfaceis

Ls = Ej cosOnt (3.2)

1The eyes light-adaptedesponsaising the conephotoreceptocells. The dark adaptedpr scotopic,
responseisingthe eye'smonochromaticod photoreceptocellsis shiftedtowardthelongerwavelengths.
2Solid angleis measuredh steradiansa spherds 4rst.
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Figure3.2: CIE luminosity curve for the'standarcdbsenrer'. Peakluminosityis
673lumens/Wat awavelengthof 555nm (green).

| Quantity | Unit | Symbol | Equivalentunits |
Luminousflux lumen Im
Solidangle steradian sr
Luminousintensity | candela cd | Im/sr
llluminance lux Ix | Im/m?
Luminance nit nt | Im/m2/sr

Table3.1: CommonSI-baseghotometriaunits.

wherek; is theincidentilluminanceatanangle® to the surfacenormal.

3.1.2 Surfacereflectance

Surfaceseflectlight in differentwaysaccordingo surfacaextureandwavelength
— thetwo extremesarespecular('glossy’) anddiffuse('matte’) reflectionasshavn
in Figure3.3. A specularpr mirror like, surfacereflectsaray of light atanangle,f,
equaltotheangleof incidence§;. A diffusesurfacescattersncidentlight in all direc-
tions. A Lambertiansurfaceis a perfectlydiffusing surfacewith a matteappearance
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Figure3.3: SpeculaanddiffusesurfacereflectanceLengthof theray is propor
tionalto luminousintensity

andhasconsistentuminanceirrespectie of viewing anglé’. Theluminousintensity
of asurfacepointis
| =rEco®;cd (3.3)

whereE is theilluminance,andr the surfacereflectvity (0 <r < 1). Typical reflec-
tivities are;white paper0.68,photographigrey card0.18,anddarkvelvet 0.004.The
luminanceor 'brightness'of the Lambertiansurfaces

r
L= Ent (3.4)

whichis independentf 6; and®;,. In practicerealsurfacesrea combinatiorof these
extremesandlight is reflectedn alobecenteredabouttheangled, = 6;.

3.1.3 Spectralcharacteristicsand color temperature

Mary illumination sourcessuchasincandescenampsandthe sun, have radiation
spectrahatcloselyapproximate blackbodyradiator* atatemperatur&nown asthe
color tempeature of the source. The color temperaturef solarradiationis 6500K,
anda standardungsterlampis 2585K.

Figure 3.4 comparessolar and tungstenspectraand also shows the spectralre-
sponseof the humaneye anda typical silicon CCD sensar The peakfor a tungsten
lamp is in the infra-red and this radiationsenesto heatratherthanilluminate the

3Luminousintensity decreasewith anglefrom the normal, but so too doesthe apparantareaof the
light-emitting surfacepatch.
4Thesolarspectrumat groundlevel is substantiallynodifiedby atmospheri@bsorption.
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Figure 3.4: Blackbodyemissiondor solarandtungstenillumination. The pho-
topic responseof the humaneye andthat of a typical silicon CCD sensorare
shavn for comparisorpurposes.

| Symbol [ Name | Value |
C: 3.741844x 10~ 1®wW.n?
C 1.438835x 1072m.K
o Stefan-Boltzmangonstant| 5.669572x 10-8W/m?.K*
h Plancks constant 6.626197x 10~34J.s
k Boltzmanns constant 1.38062x 10-23J/K
c Speedf lightin vacuum | 2.99792459% 108m/s

Table3.2: Relevantphysicalconstants.

subject— only a small fraction of the radiationis emittedin the visible spectrum.
Radiationfrom fluorescentubescannotbe approximatedy ablackbodycurve, since
the light is dueto fluorescencef variousphosphorsgachwith a narrav spectral
emission.

The radiationspectrumof a blackbodyat temperaturel’ as a function of wave-
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length,A, is givenby Plancks radiationformula

_2mhé
B )\S(ehc/k)\T —1)

whereh is Plancks constantk is Boltzmanns constantandc is the speedof light.
Theequations frequentlywrittenin theform

M (A)

C1
MO = Ss@nr—g
whereC; andC; areconstantgjivenin Table 3.2. The units of M areW/m3 which
is interpretedaswattsemittedper unit areaper unit wavelength. The integral of this
functionis thetotal power radiatedperunit area

Myt = /°° M (\)dA = oT4W/m?
0

wherego is the Stefan-Boltzmanrtonstant. The wavelengthcorrespondingo peak
emissionis givenby Wien's displacemeniaw

0.0028978
)\max = f m

The Sl valuesof therelevantphysicalconstant@resummarizedn Table3.2.
For a givenradiationspectrum,M (}), the correspondinduminousflux canbe
obtainedby

o :/0 M (A)K(A)dA

whereK(A) is luminosity in lumensper watt. The enegy of a photonis given by

Plancks equation

hc

andthusthe photon-fluxdensityis
© M®
n = dA 3.5

“AM (M) )
/0 —~Jd\ photongm (3.6)

Thusthenumberof photonsperlumenfor a givenradiationspectrurris
/ AMA) 4\
0 hc
/ M (A)K(A)dA
0

photongIm
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| Source | Photons/lumer
Tungsterlampat 2885K 2.0x 10%
Tungsterlamp at 3200K 1.8x 106
Tungsterlamp at5600K 1.4x 106
RedLED at670nm 1.6x 10

Table3.3: Photongerlumenfor sometypicalilluminants.

Y

object

I,’,' ’//,-—‘/ //,/’
Al |
inverted imaggw:::: 77777 1t

lens
plane

Figure3.5: Elementarymageformation,shaving aninvertedrealimageof the object.

Resultsfor a numberof standardlluminants are summarizedn Table3.3. These
valuescanbe usefulin analyzingthe sensitvity of CCD sensoravhich aretypically
guotedn termsof electrongerlux for anominatedstandardlluminant. Knowing the
chage well capacityof thephotositejn electronsallows usto estimateheluminous
flux over the photositerequiredfor saturation.

CCD sensorsaresensitve to infra-redradiationbut sensitvity expressedn elec-
trons/luxcannotguantifythis sinceelectronsaaregeneratetby infra-redphotonswhich
do notcontributeto luminousflux. Infra-redfilters arefrequentlyfitted to CCD cam-
erasto prevent saturationfrom infra-red radiation, particularly whenworking with
tungstedamps.Infra-redradiationreducesmageclarity sincethelongerwavelengths
arefocussedifferentlyby thelensandsuchphotonscausehigherpixel cross-talkin
thesensorseeSection3.3.

3.2 Imageformation

The elementaryaspectof imageformationwith a simplelensare shavn in Figure
3.5. Thepositive Z-axisis the cameras optical axis Thevariablesarerelatedby the
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lenslaw 101 1
—+ === 3.7
2 7771 (3.7)
wherez, is the distanceto the object, z the distanceto the image,and f the focal
length. For z, > f arealinvertedimageis formedatz > f (lim;,»2z = f). Foran
objectat infinity the film or solid statesensoiis placedon the focal planeatz= —f.
For nearobjectsheimageis formedbehindthefocal plane sothelensmustbemoved
out of thecameran orderto focustheimageon thefilm or sensor
Theimageheight,y;, is relatedto the objectheight,y,, by the magnification
M=o T o T (3.8)
Yo f-2 %
whichis negative, sincez, > f, representingheimageinversion. Note that magnifi-
cationdecreaseastheobjectdistancez,, increases.
Thef-numberof alensis the dimensionlesguantity

F=f/d (3.9)

whered is thediameterof thelens.f-numbelis inverselyrelatedo thelight gathering
ability of thelens. To reducelight falling on theimageplane,the effective diameter
may bereducedoy a mechanicahpertureor iris, which increaseshe f -number lllu-
minanceat theimageplaneis reducedy F? sinceit dependn light gatheringarea
— to increaselluminanceby afactorof 2, thef-numbemustbe reducedy afactor
of v/2 or 'one stop'. The minimumf-numberis markedon a lens,andis relatedto its
light gatheringcapability Thef-numbergraduation®n the aperturecontrolincrease
by afactorof /2 ateachstop.An f -numberis corventionallywrittenin theform /1.4
for F = 1.4,

The horizontaland vertical subtendedanglesof the cone of view, or anglesof
view, aregivenby

By = 2tan‘1\2N—f (3.10)
By = 2tan‘1;—f (3.11)

whereW andH arerespectrely thehorizontalandverticaldimension®f thecameras

active sensingarea.Standard35mm film is 24mm x 36mm, whereasa CCD sensor
is around10mm x 10mm Table3.4 compareghe anglesof view for differentfocal

lengthlensesandsensoisizes. Clearlyfor the relatively small CCD sensaorthe field

of view is muchnarrover comparedo film. Frequentlythe semi-angle®f view are

givenwhich arehalf theanglesof view givenabove. Theangleof view is amaximum
whenthelensis focussedat infinity.
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f (mm) | PulnixCCD | 35mmfilm

‘ B | 6y Bn | 6v
8 | 44 33 | 132 | 113

‘ 25| 15 11° | 72 | 5I°

Table3.4: Anglesof view for Pulnix CCD sensomand35mm film. Computedor
variouslensesandwith CCD dimensiondakenfrom Table3.8

In practice,compoundensesare used,comprisinga numberof simplelensele-
mentsof differentshapedabricatedfrom differentglasses.This reducegshe size of
the lensand minimizesaberrationshut at the expenseof increasedight lossdueto
reflectionat eachopticalinterface.

3.2.1 Light gathering and metering
Theilluminanceon theimageplaneof acameraF;, is givenby

LT cos'O

Ern————
'TAF2(M 4 1)2

Ix (3.12)
whereL is thescenduminance,T thetransmissiorefficiency of thelens,M themag-
nification, and @ is the anglefrom the optical axis to the imageplanepoint®. The
cos' 8 termmodelsthe fall off in illuminanceaway from the optical axis of the lens.
For large objectdistanceM + 1)? ~ 1 andtheilluminanceat thesensoiis indepen-
dentof objectdistancé.

A lightmeteris a device with fixed optics that measureshe radiantflux falling
on a sensomf known areaA. By suitablechoiceof spectralcharacteristithe sensor
outputcanbeinterpretedasluminousflux, ¢. Photographeremploytwo methodsof
light measurement:

1. Incidentlight measuementsneasureheilluminanceof thesceneandaretaken
by placingthemeterin front of thesubjectaimedatthecameraTheilluminance

is givenby
o= % (3.13)
Theluminanceof the scends computedising(3.4) andanassumedeflectiity
of 18%' 0.18
-lo@
Ls=—-— 3.14
s=——x (314)

5This effectis pronouncedn shortfocallensessincemax8) = W/2f whereW is the sensomwidth.

6This may seemcounterintuitive, but asobjectdistanceincreaseshe imagesizeis reducedasis the
spatialintegralof luminousflux.

718%= 2% andcorrespondso thegeometrioneanof the5 stopreflectanceangeof 'typical' scenes.
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2. Reflectedight measuementameasurdhe luminanceof the scenedirectly, and
aretakenby placingthe meternearthe cameraaimedat the scene.Theillumi-
nationmeasuredby thesensor3.13)is relatedto the scenduminanceby (3.12)
sothat 5

4F< @
Ls= ——~ 3.15
T T A (319

whereF andT areknown characteristicsf thelightmetersoptics.

The two typesof measuremerdresimply differentscalingsof the lightmetersensor
output. A lightmetergenerallyreturnsthe logarithmof luminancecalled exposure
value,or EV, whichis relatedto luminanceby

L = k2B (3.16)

The calculationdials on a lightmeterare a circular slideruleimplementingequation
(3.12)which relatesexposuretime to aperturefor a givenscenduminanceandfilm
sensitvity or 'speed'.Exposue of thefilm or sensoiis

e=ETe (3.17)

in unitsof lux.s,wherek; is theilluminanceandT, is theexposuretime. ThelSO film
speeds, is determinedrom the exposurenecessaryo “discerniblyfog” thefilm

_o8
T e

s (3.18)

The factor k in (3.16) s typically around0.14 andresultsin the film exposure
being'centered'within its dynamicrangé.

An alternatveapproachusedby photographerss to useaspot-eadinglightmeter
to measurehebrightestanddarkestegionsof thesceneseparatelyandthenmanually
computetherequiredexposure.

3.2.2 Focusand depth of field

Maintainingfocusover a wide rangeof camera-objeatistancess a non-trivial prob-
lem whenthe cameras mountedon the endof a robot. The optionsareto establish
a large depthof field or usea lenswith seno controlledfocus. The latterapproach
hasa numberof disadwantagesincesuchlensesaregenerallyheary andbulky, have
limited adjustmentates relativeratherthanabsolutdocussetting,andtargetdistance
mustbe somehwv determined.

8The exposurecomputedon the basisof film speeds only sufiicient to “discerniblyfog” thefim. A
goodphotograplrequiresa higherexposurewhich is achievedby calculationsbasedon a fraction of the
realluminance.
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Depthoffieldis therangein objectdistanceoverwhichthelenscanform animage
withoutsignificantdeteriorationThis is definedsuchthattheimageof a pointsource
objectis a circle of diametera or smaller— the so calledcircle of confusion The
boundsof the acceptabléocusrangearegivenby

Zf
a1
Z
Z = 2zt (3.20)
a1

wherezy andz- arethe nearandfar boundsof the acceptabldéocusrange,andz; is
the focus settingof the lens. The locusof nearandfar boundsfor a rangeof focus
settingds shavn in Figure3.6. Whenthelensis focussedt the hyperfocaldistance

zi = f <1— %) (3.21)
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the depthof field extendsfrom half the hyperfocaldistanceto infinity. Rearranging
(3.19)and(3.20)givesthefocusandaperturesettingfor a specifiedfocusrange

2ZnZF

7 = (3.22)
N2z
f2(ze — 2)

F e (3.23)

The f2 termin (3.23)meansghatlongerfocal lengthlenseswill requirea very large
f-numberin orderto maintaina given depthof field, andwill thushave very little
illumination ontheimageplane.

For 35mmfilm thecircle of confusiondiameteiis typically takenas25um [250],
andfor a CCD arrayis the pixel-to-pixel spacing82] (seeTable3.8). Large depthof
field is achieved by usinga small aperture put at the expenseof light falling on the
sensor Therequiremenfor large depthof field andshortexposuretime to eliminate
motion blur both call for increasecambientillumination, or a highly sensite image
sensor

3.2.3 Imagequality

In practicetheimageformedby alensis notideal. Lensesusedfor imagingareusu-
ally compoundensescontainingseveral simplelensesn orderto achiere a compact
optical system. Imperfectionsin the shapeor alignmentof the simplelensesleads
to dggradedimage quality. Non-idealitiesinclude aberrationswvhich lead to image
blur, andgeometriadistortionswhich causeheimageto fall in thewrongplace.lIt is

importantto matchthe lenswith the sensorsizeused , sincelensesaredesignedo

minimize effectssuchasgeometricdistortionandvignettingonly over the sensoror

film area.

3.2.3.1 Aberrations and MTF

Aberrationsreduceimageclarity by introducingblur. This leadsto reducedcontrast
onfine imagedetail. Commonaberrationsnclude[28]:

e Sphericalaberration, comg astigmatismandfield curvatue which introduce
variationsin focusacrosshescene.

e Chromaticaberrationgueto differentwavelengthsof light beingfocussedat
differentdistancedrom thelens.

o Vignetting,whereimagebrightnesdalls off attheedgeof thefield of view due
to the effect of thelensbarrel.

9Lensesaretypically manufacturedor 1/2, 2/3 andlinchsensors.
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o Diffractiondueto the aperture which will reducethe definition of the image.
Theimageof apoint sourcewill beanAiry patterd® andthe minimumsepara-
tion atwhich two point sourcesanbediscerneds

d = 2.4\F (3.24)

whereA is the wavelengthof the illumination (A is oftentakenas555nm, the
gye's peaksensitvity). Diffraction effectsarethus mostpronouncedat small
apertureor highf-number

Theeffectof aberrationganbereducedy closingtheaperturesincethis restricts
thelight raysto a smallcentralregion of eachopticalelement However thisincreases
themagnitudeof diffractioneffects. It is generallydesirableio operatebetweerthese
two extremeswherethe magnitude®f thetwo effectsareapproximatelyequal.

In orderto quantifyimagesharpnesshe relationshipbetweencontrastandres-
olution is important. This canbe consideredasthe magnitudeof a spatialtransfer
function which is generallyreferredto asthe modulationtransferfunctionor MTF.
Aberrationsresultin MTF roll-off at high spatialfrequeng. MTF is normally ex-
presseasa percentagef the uniformillumination responséor DC gain). The MTF
is the magnitudeof the normalizedFouriertransformof theline spreadfunction the
distribution of intensityalong a line orthogonalto the imageof a line of nggligible
width. A relatedmeasurementerived from the spatialsquarewave responsas the
contrasttransferfunctionor CTE Useful spatialresolutionis typically givenin lines,
determinedasthehighestdistinguishabldine pitchin aresolutiontestchart. Thespa-
tial resolutionof the completeimaging systemis obtainedby multiplying the MTF
dueto thelens,sensomandandanalogelectronicsandis discussedurtherin Sections
3.3.2and3.5.5.

The MTF at the spatialNyquist frequeng is relatedto the rise distancé! of an
imageof a sharpedgeby 1

MTF; o= — 3.25
fs/2 N ( )
whereN is the numbersof pixels for the imageintensityto rise from 10% to 90%
[121].

3.2.3.2 Geometricdistortion

Unlike aberration,geometricdistortion leaves the image sharpbut causest to fall
in thewrong place[28]. Geometricdistortionsare classifiedasradial or tangential

10A finite sizeddisk with faint concentriccircularrings,a 2D Sincpattern.
1Thespatialanalogof risetime.
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Radialdistortioncausesmagepointsto betranslatedilongradiallinesfrom the prin-

cipal point? (outwarddistortionis consideregositive). Tangentialdistortionoccurs

atright anglesto theradii, but is generallyof lesssignificancehanradial distortion.
Radialdistortionmaybeapproximatedy a polynomial[282]

Ar = ker® 4+ kor®+ kar” + ... (3.26)

wherer isthedistancébetweertheimagepointandtheprincipalpoint. Thecorrected,
or true,imagepoint radiusis

r'=r—Ar (3.27)
For Cartesiarimageplanecoordinates('x, 'y), with their origin at the principal point
thedistortionmaybewritten

) i )
ANx = Ar?xz'x(klrz—i-kzr“...) (3.28)

'y

Ay = Ar?:iy(klr2+k2r4...) (3.29)

The polynomialcoeficients, k;, would be determinedby a calibrationprocedure
suchasdescribedvy Tsai[252] or Wong[283]. Anderssor[17] mappedhe distor
tion vectorat a numberof pointsin theimagein orderto determinethe polynomial
coeficients. Geometridistortionis generallyworsefor shortfocallengthlenses.

3.2.4 Perspectivetransform

The simplelensfrom Figure3.5 performsa mappingfrom 3D spaceto the 2D image
plane. Using similar trianglesit canbe shavn thatthe coordinatef a point on the
imageplane('x,'y) arerelatedto theworld coordinategx, y, z) by:

x = — (3.30)

iy _ Y
y = — (3.31)
(3.32)

whichis theprojective-perspectivieansformfrom theworld to theimageplane.Such
atransformhasthe following characteristics:

¢ World linesaremappedo linesontheimageplane.

o Parallelworld lines,notin theplaneorthogonato theopticalaxis,areprojected
to linesthatintersectat a vanishingpoint.

12The pointwherethe cameras optical axisintersectsheimageplane.
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Figure3.7: Centralperspectie geometry

e Conicsin world spaceareprojectedo conicson theimageplane,for example,
acircleis projectedasacircle or anellipse.

e Themappingis not one-to-oneanda uniqueinversedoesnot exist. In general
thelocationof anobjectpoint cannotbe determineduniquelyby its image.All
that canbe saidis that the point lies somavherealongthe projectingray OP
shavnin Figure3.5. Otherinformation,suchasa differentview, or knowledge
of somephysicalconstraintonthe objectpoint (for examplewe mayknow that
the objectlies on thefloor) is requiredin orderto fully determinethe object's
locationin 3D space.

In graphicstexts the perspectie transformis oftenshovn asin Figure3.7,where
a non-invertedimageis formed on the image planeat z= 0, from a viewpoint at
z= —f. Thisis alsoreferredto ascential projection[80]. Suchatransformlackstwo
importantcharacteristicsef thelens;imageinversion,anda singularityatz = f.

3.3 Cameraand sensortechnologies

Early computewisionwork wasbasedn vidicon, or thermionictube,,imagesensors.
Thesedeviceswerelarge andheary, lackedrobustnessandsufferedfrom poorimage
stability and memoryeffect [68]. Sincethe mid 1980smostresearcherbave used
someform of solid-statecameragbasedbn anNMOS, CCD or CID sensor

Most visual seno work hasbeenbasedon monochromesensorsput color has
beenusedfor examplein afruit picking robot[108] to differentiatefruit from leaves.
Givenreal-timeconstraintgshe advantage®f color vision for objectrecognitionmay
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Figure3.8: Notional depictionof CCD photositechaige wells andincidentpho-
tons. Siliconis moretransparenatlong wavelengthsandsuchphotonswill gen-
erateelectronsdeeperwithin the substrate. Thesemay diffuse to chage wells
somedistanceaway resultingin poorresolutionat long wavelength.

be offsetby theincreased:ostandhigh processingequirement®f up to threetimes
themonochromelatarate.

3.3.1 Sensors

Solid statesensorcomprisea numberof discretephotositesor pixels— eachsite
accumulates chage proportionalo theillumination of the photositeintegratedover
the exposureperiod. Line scansensorsarea 1D arrayof photositesandareusedin
applicationswherelinear motion of a partcanbe usedto build up a 2D imageover
time. Areasensorsarea 2D array of photositesand are the basisof camerador
television andmostmachinevision work. Thefollowing discussiorwill belimited to
areasensoralthoughline-scansensorhave beenusedfor visualsenoing [271].
The mostcommontypesof solid-statearea-imagingensoire:

1. CCD (Chage CoupledDevice). A CCD sensorconsistf a rectangulaarray
of photositeseachof which accumulates chage relatedto thetime integrated
incidentillumination over the photosite. Incident photonsgenerateslectron-
holepairsin thesemiconductomaterial andoneof thesechages,generallythe
electron,is capturedby an electricfield in a charge well asdepictedin Figure
3.8. Chage packetsaaremoved aboutthe chip usingmulti-phaseclock voltages
appliedto variousgateelectrodesSuchatransporinechanisnshiftsthechage
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from the photositeto the outputamplifier The two commonarchitecturegor
CCDsensorsshavn in Figure3.9,are:

(a) Interlinetransfer At the endof eachfield time the odd or evenphotosites
transfertheir chageto verticaltransportregistersandarethemselesdis-
chaged. During the next field time, the vertical transportregistersshift
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oneline at a time into the horizontaltransportregister from whereit is
shiftedout at pixel rateto the amplifier.

(b) Frametransfer At theendof eachfield timetheoddor evenphotositesare
shiftedinto theverticaltransportregistersandarethemselesdischaged.
Thechageis thenrapidly shifted,typically at 100timestheline rate,into
the storagearea. During the next field, the lines are sequentialljjoaded
into thehorizontaltransportegisterwherethey areshiftedoutatpixel rate
to theamplifier

The commonfeaturesof CCD sensorsarethatthe photositesare sampledsi-

multaneouslyand arereaddestructvely. Under high illumination the chage

wells can overflow into adjacentphotositedeadingto blooming The sensor
manufacturewill quotethe capacityof the chage well in termsof electrons,
commonly10® to 10° electronsFor interlinetransferdevicestheverticaltrans-
port registersarecoveredby metalizationto minimizethe effect of light onthe

storedchage, but this reducesthe effective sensitve areaof the device. As

shavn in Figure 3.8 infra-red photonspenetratea considerablealistance[121]

into the substratendthe electrongyeneratedanay be collectedby chage wells

somedistanceaway. Thisintroducescross-talkbetweerpixels,wherethe pixel

valuesarenot truly independenspatialsamplef incidentillumination.

. NMOS,or photodiodearray Eachsitecontainsaphotodiodevhosegunctionca-

pacitances prechagedandwhich photoelectronsauseo dischage. Eachsite
is readto determinghe remainingchage afterwhich thecapacitois rechaged
by ‘charge injection’. While conceptuallycapableof randomaccesgo pixels,
the sensomdevicestypically have countergo selectvely outputpixelsin raster
scanordet

. CID (Chage Injection Device). A CID sensoris very similar to the NMOS

sensorexcept that the chage at the photositecan be read non-destructiely.
Chageinjectionclearstheaccumulate@¢hage,andmaybeinhibited,allowing
for somecontrol over exposuretime. While conceptuallycapableof random
accesso pixels,the sensodevicestypically have countergo selectvely output
pixelsin rasterscanorder

The mostsignificantdifferencebetweenthe CCD andNMOS sensorss thatthe

CCDsensosamplesll photositesimultaneouslywhenthephotositechageis trans-
ferredto thetransportregisters. With the othersensottypespixels areexposedover
the field-time prior to their beingreadout. This meanghata pixel at the top of the
frameis exposedover a substantiallydifferenttime interval to a pixel in the middle of
theframe,seeFigure3.10. This canpresent problemin scenesvith rapidly moving
targetsasdiscussedy Anderssor[17]. Andersenret al. [13] discussthe analogous
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Figure3.10: Pixel exposureintervalsfor NMOS or CID sensomsa functionof pixel row.

samplingproblemfor a vidicon imagesensarand proposea modified Z-transform
approach.

3.3.2 Spatial sampling

Theoriginalimagefunctionl (x,y) is sampledy thediscreteCCD photositego form
the signall*(i, j), wherei and j arethe pixel coordinates.The Nyquist periodis 2
pixels, so fine image detail, that with a period of lessthan 2 pixels, will resultin
aliasingwhichis manifestediisually asa Moiré fringing effect.

An ideal spatial samplerwould require an infinitesimally small photositethat
would gatherno light. In reality photositeshave significantwidth andexhibit cross-
talk dueto captureof photoelectronfrom adjacentireaf the substrateThe spatial
frequeng responsef the photositearrayis a function of the photositecapturepro-
file. Thisissueis touchedon in a qualitatve way by Purll [28], and somesensor
manufacturerprovide experimentalresultson spatialfrequeng responseor sensor
MTF.

Considera one dimensionalsinusoidalillumination patternas shavn in Figure
3.11

I(x) = asin(ux+ @) +b (3.33)
with a spatialfrequeng of w andarbitraryphasep andoffsetb sothatillumination

I(x) > 0,Vx. For pixelswith active sensingwidth h anda spacingp, the responsef
the k" pixel

1 rkpth
= f g (3.34)
- %{cosz((okp—l— ® — cogaxkp+h) + @)} +b, (3.35)

is normalizedsothatresponsenagnitudds independendf h. Thecameraoutputasa
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Figure 3.11: Cameraspatialsamplingin one dimension. h is the width of the
photositeand p is the pixel pitch. Eachpixel respondgo the spatialintegral of
illumination.

functionof distancey; is piecavise constant
*(x) = z I*(k) {H(x—kp) = H (x— (k+1)p) } (3.36)
k=—o00
whereH (x) is the Heaviside unit-stepfunction. This functionis periodicandcanbe

representedly a Fourierseries

I*(x) = i { c(nw)eln*} (3.37)

N=—o0
wherec(nw) is then™ Fourier coeficient givenby
c(nw) = 1/ I* (x)e~ INdx (3.38)
TJr
and J; is theintegral over oneperiodT = 211/ w.

MTF is theratio of the magnitudeof the fundamentatomponenbf the camera
outputto the magnitudeof thecameranput

MTF = |°(;’)| (3.39)
which canbeshovn to be
2 . wh 2 . wp
MTF = Esm(?) WALLSS (3.40)

Substitutingfp = 1/p, f = w/2m, i = h/p, andthe normalizedsamplingfrequeny
f' = f/fpleadsto
MTF = psingmtf’h') sing(mtf’) (3.41)
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Figure3.12: Somephotositecaptureprofiles.
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Figure3.13: MTF for thecaseof idealsamplerh’ = 0, full width samplerh’ =1,
and50% pixel overlap,h’ = 1.5.

For anidealsamplerthatis, h' = 0, the MTF is givenby
MTF|,,_o = psinqmf’) (3.42)

whichis theexpectedrequeng responséor asamplerfollowedby azero-ordehold.
A sampletthatintegratesover the entirepixel width will have anMTF givenby

MTF|y_, = psinc(mf’) (3.43)
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For the pixel captureprofilesshovn in Figure3.12,the correspondingpatialfre-
gueng responsesregivenin Figure3.13. Theseindicatesthat cross-talkandfinite
pixelwidth causdéhespatialfrequeny responseo roll off moresharplyathighspatial
frequeng. Theverticallinesof metalizationn aninterlinetransfersensoreducethe
active width of the photositeandshouldimprove the MTF in the horizontaldirection.

3.3.3 CCD exposute control and motion blur

In thediscussiorsofar it is hasbeenassumedhatthe photositesarebeingchaged,or
integrating,for onewholefield time. High-speedelatve motionbetweerthe camera
andsceneresultsin a blurredimage,sincethe photositegespondto the integral of
illumination over the exposureperiod. A blurredobjectwill appearelongatedn the
directionof motiont3,

In thecasewhereanobjectmovesmorethanits width duringtheexposurenterval
theilluminationwill be spreadveragreatemumberof pixelsandeachwill 'see'less
light. Thatis, astheimageblurs,it elongateendbecomeslimmer A machinevision
systemwhich usesthresholdingto differentiatea bright objectfrom its background
canthus'lose sight' of theobject.In avisual serwing systenthis canleadto ‘'rough'’
motion[65].

A corventionalfilm camerausesa mechanicashutterto exposethefilm for avery
shortperiodof time relative to the scenedynamics.Electronicshutterings achieved
on CCD sensorsyy dischaging the photositeauntil shortly beforethe endof field by
meansof the anti-bloomingor integration control gate. Only the chage integrated
over the shortremainingperiod, Te, is transferredo the transportregisters. The ac-
cumulatecchageis reducedoroportionaly with the exposuretime which reduceghe
signalto noiseratio of theimage. This effect canbe counteredy openingthe cam-
eras apertureor providing additionalscenéllumination.

Thetiming of the Pulnix cameras integrationperiodhasbeendeterminedexper
imentally by viewing an LED emitting a very shortlight pulseat a time that is ad-
justablerelative to the vertical synchronizatiorpulse. As shavn in Figure 3.14 the
integrationperiodalwaysendsl msafterthe onsetof verticalblanking.

Considerthe one dimensionalcaseof a moving objectwhosecentroidlocation
ontheimageplaneis iX(t). The CCD sensorresponddo the integral of the incident
illumination, sothe percevedcentroidwill bethe meanover theintegrationperiod

i 1[0
X = i/—Te X (t)dt (3.44)

131t may bepossibleto determinethevelocity of aknown symmetricobjectfrom the shapeof its blurred
image.
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Figure 3.14: Experimentallydeterminedxposureinterval of the Pulnix camera
with respecto verticalactive timing.

If thetargetis moving ata constanwelocity X the perceved centroidwill be

X = Tie/_l(ix(O)JriXt)dt (3.45)
= X(0)- X (3.46)
= IX(=Te/2) (3.47)

whichlagstheactualcentroidby half theexposurenterval. Thusfor afinite exposure
interval, the actualexposuretime shouldbe takenas halfway throughthe exposure
period.

3.3.4 Linearity
Theluminancerespons®f a CRT monitor
LerT = VYCRT (3.48)

is highly non-linear wherev is the input signalandycgrr is a valuetypically in the
range2.2to 2.8. Thecamerds normallyadjustedor theinverseresponse

V= (Lcam)ycam (349)

where L¢gm is the luminanceof the obsered sceneand yzam is chosenas 0.45 to
correctfor the non-linearityof the CRT and renderanimagewith correctcontrast.
Early vacuumtubesensorsuchasiconoscope facthadtheappropriatenon-linear
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characteristicLinearsensorsuchastheorthicontubeandCCDsrequireanon-linear
amplifief?,

The transferfunction, or linearity of the cameras illumination responseis often
referredto asgammaandmary solid statecamerasave a switchto selectycam= 1
or 0.45. For machinevisionwork, wheretheimageis not beingdisplayedon a CRT,
anon-linearcameraesponsaenesno usefulpurpose.

3.3.5 Sensitivity

Sensitvity is the DC gainof the sensotto incidentillumination. Factorscontributing
to sensitvity include:

¢ Quantumefficiengy, ng, thefractionof incidentphotonscorvertedto electrons.
This quantumefficiengy is typically around80% but is a function of the semi-
conductomaterialandwavelengthof the photon.

o Areaefficiengy or pixel fill factoris theratio of photositeactive areato total
area .
ny = oy (3.50)
PxPy
wherep; and p@, arethe dimensionf theactive photositesensingarea.Areas
of metalizationin eachphotositereducethe sensitve area.Frametransfersen-
sorshave a higherareaefficieng/ thaninterline transferdevicessincethereis
no metalizedverticaltransportegister

e Chage transferefficieng. Eachtime a packetof chage is moved aboutthe
substratesomechage carrierswill belost. Althoughthisfractionis verysmall,
chage packetsfrom distantphotositesundego a greatemumberof transfers.
As well asreducingthe apparenintensity of the pixel, the 'lost’ chage from
bright regionswill be pickedup by subsequenthage packetsthusreducing
contrastin areasof fine detail. Bright regionsleaving a trail of chage behind
themresultin streakingof theimage.

e Thegainof the on-chipchage amplifier
e Thegainof outputamplifierwithin the cameraelectronics.

e Thegainof the AGC (AutomaticGainControl) stage.

MTransmissiorof the non-linearintensity signal has an advantageouside effect in noise reduction.
Signalscorrespondingo low intensityareselectvely boostedy the non-linearityprior to transmissiorand
thenreducedn display alsoreducingtheamplitudeof additive noisein transmission.
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Figure3.15: Experimentaketupto determinecamerasensitvity.

f-number| grey-level | sensor
luminanceg(Ix)
f/5.6 | saturated 20
f/8 177 0.98
f/11 120 0.52
f/16 44.2 0.25

Table3.5: Grey level responsef Pulnix TM-6, with 25mm lens,20msexposure
time,no AGC,y=1, Iuminance800d/m2.

Sensorsensitvity is typically quotedin units of electrons/luxandmay be found
in adatasheet.However the sensitvity or overall gainof acompletecamerds rarely
givenandmustbedeterminedxperimentally A suitableexperimentaketupis shavn
in Figure3.15wherethethe camerds aimedat a uniformly illuminatedgrey testcard
anddefocusedoasto eliminatethe effect of fine texture.

A spot-readingneteris usedto determinethe luminanceof the card,L, andthe
meangrey-level of asmallregionin thecenterof theimage|l, is takenasthecameras
response.For a rangeof f-numbersettingsshavn in Table 3.5 the responseof the
Pulnix cameravasdeterminedo be

11000

|= " +12 (3.51)
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Figure3.16: Measuredresponsef AGC circuit to changingillumination. Top
curve shovsmeangrey-level responseBottomcurve shavsthegrey-level spatial
variance.

which hasthe form expectedby (3.12) plus a small offset. LuminanceL is mea-
suredby the spot-readingneteras80cd/m? andif theintensitygainof thecameras
Kcamgreylevel/Ix thenfrom (3.12)we maywrite

giving acameregainof
Kcam= 180greylevel/Ix (3.53)

This is a lumpedgain valuewhich includeslenstransmissionsensorresponseand
cameraanddigitizer analoggaint®. Extrapolatingrom the experimentaldata,satura-
tion of thedigitizerwill occurwhentheilluminanceatthesensoexceedsl.4lIx.

Let usassumehattheminimumdiscernablerey value(dueto noise)is 5, which
correspondso anilluminanceof 1.4 x 5/256 = 27 x 10~3lux. Usingthefilm speed
relationship(3.18)andan exposureinterval of 40mswe canequatethis sensorto an
ISOfilm speedf around730.

15DIGIMAX is setto nominal0dB gain,seeSection3.5.2.
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Figure3.17: Measuredesponsef AGC circuit to stepillumination change Top
cuneis with AGCdisabled andthe bottomwith AGC enabled.

Camerascommonly have an automaticgain control (AGC) function which at-
temptsto maintainthe 'average'grey-level in the scene. The Pulnix camerahasa
guotedAGC gainrangeof 16dB or 2.7 stops.Several experimentsavereconductedo
investigatehe behaiour of the AGC circuit:

1. With constantillumination, imageswere capturedof a grey card. As increas-
ingly large white squaresvereaddedto the cardthe intensityof thegrey back-
groundareawasreduced. The AGC stratgly thusappeargo be maintenance
of the meangrey-level in the sceneevenif this forcesbright sceneareasinto
saturation.

2. With constantlluminationandnolensfitted,imageswerecapturedvith avari-
ety of neutraldensityfilters over the cameraTheresultsplottedin Figure3.16
shav a plateauin the cameraresponsédor the rangeof illuminancelevels over
whichtheoutputis heldroughly constanby the AGC.

At very low illuminancethe gain of the AGC is insufficient to maintainthe
cameraoutputlevel. In this regime it canbe seenthat the grey-level spatial
variancé® hasincreasedastheamplifierboostgheweaksignalandaccentuates

18Thevarianceof pixel valueswithin a64 x 64window centeredn theimage.
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thenoisecomponent.

3. Thetemporakesponsef the AGC wasinvestigatedy measuringheresponse
to an averageillumination level which is an offset squarewave. The ratio of
intensitieds approximatelyl .5, requiringonly a 3dB gainrangewhichis well
within the 16dB rangeof the cameras AGC circuit. The responsewith and
without AGC is shawn in Figure3.17. The former exhibits substantiabver-
shoottaking aroundlsto settle. In a normalsituationa bright objectentering
thescenawould causeonly a moderatechangen averageillumination andthis
oscillatoryeffect would belessmarked.An AGC is anon-linearfeedbaclksys-
tem,andtheresponsevill berelatedto theamplitudeof theinput.

3.3.6 Dark current

In additionto the photo-generatedlectrons a photositeaccumulateghage dueto
dark current Dark currentresultsfrom randomelectron-holepairs generatedher
mally or by tunnelling andis indistinguishablefrom photongenerateccurrent. A
temperatureise of 7K will doublethe dark current[83]. To minimize accumulated
chagedueto darkcurrent,sensorslesignedor long exposurdimesarecooled.Short
exposuretimesreducechage dueto bothdarkcurrentandillumination.

The meandark currentis determinedy dark-referencehotositeavhich aregen-
erally columnson eactsideof thearray Thesearemanufactureéh thenormalmanner
but arecoveredby metalizationsothatonly darkcurrentis accumulatedThe camera
electronicsusethe signalfrom thesepixels asa black reference subtractingt from
the outputof theuncoveredpixels.

3.3.7 Noise

A numberof factorscontributeto noisein a CCD sensor:

¢ Photonarrival statisticsresultin photonshotnoise Photonarrival is arandom
proces$221] andtheprobabilityof detectinga photonin thetimeinterval [t, t+
3t] is proportionalto theradiometricintensityE; (t) (W/m?) attimet.

The photon-numbestatisticsare generallymodelledby a Poissondistribution
with ameanandvariance
E
n = — 3.54
n y (3.54)
=n (3.55)

SN

()

wherev is the photonfrequeng andh is Plancks constant.
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e Photoncorversionstatistics,or photoelectromoise. A photonincidenton a
sensomf quantumefficieng ng will producean electronwith a probability of
Ng andfail to do sowith a probability 1 — ng.

e Darkcurrentshotnoise,dueto therandomthermalgeneratiorof electronsap-
turedby the photosite.

e Recever shotandthermalnoiseintroducedduring amplificationof the accu-
mulatedchage. To minimizethis, a high-gainlow-noiseamplifieris generally
fabricatedon-chipwith the CCD sensor

e Readounoisedueto couplingof CCD clockingsignalsinto the sensomutput
signal.

e Patternnoiseor responsenon-uniformity This is not a true noise sourcebut
reflectsavariationin gainbetweerphotositesThis effectarisesdrom variations
in materialcharacteristicandproceswariationsin chip manufactureThenon-
uniformity is highly dependenbn color which affectsphotonpenetratiorof the
materialandthusthe defectsencountered.

If x is thecameraoutputsignal,the signalto noiseratio

X2
SNR= S 52 (3.56)
is afunctionof thevariousnoisesourcegust discussed.

The meanandvarianceof grey-level within a smallwindow in the centerof the
imagewerecomputedor a rangeof illumination levels. To achieve uniform illumi-
nationof the sensorthe lenswasremaoved andthe illuminancecontrolledby means
of neutraldensityfilters placedin front of the camera.The varianceis plottedasa
function of the meanintensityin Figure 3.18. The varianceincreasedinearly with
meancameraesponsaswould be expectedfor photonshotnoiseby (3.55). Theuse
of shortexposuretimesdoesnot appearto have ary significanteffect on the output
noiselevel. Theline correspondso a SNR of 36dB?’.

If the value of eachpixel within the samplewindow is averagedover time the
samplemearwill approachheexpectedvaluegivenby (3.54),andthespatialvariance
of the time-averagedpixelswould thenbe dueto pixel responseon-uniformity For
the brightestsamplein Figure 3.18 the spatialvariancefalls from 3.5 to 1.0 after
averagingl00frames.

Thedigitizer quantizatiomoisefrom (3.70)is insignificantcomparedo thenoisemeasuredhere.
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Figure 3.18: Measuredspatialvarianceof illuminanceas a function of illumi-
nance.Pointsmarked™* aremeasuredvith a20msexposuretime, and'+' with
a2msexposureime.

3.3.8 Dynamicrange

The dynamicrangeof a CCD sensoris the ratio of the largestoutput signalto the
smallestdiscernibleoutput. The largestsignal, at saturation,is directly relatedto
the capacityof the chage well. At very low illumination levels the responsef the
sensoltis totally overwhelmedby the dark currentandnoiseeffectsdescribedabove.
The smallestdiscernibleoutputis thusthe outputnoiselevel. For a CCD with, for
example,noiseof 100 electronsanda chage well of 100,000electronghe dynamic
rangeis 1000or nearly10 bits.

3.4 Videostandards

Broadcastndclosed-circuitelevision industriesdominatethe manufactureandcon-
sumptionof video equipmentthusmostcamerasisedfor machinevision work con-
form to television standardsThetwo mostwidely usedstandardsre:

¢ RS170usedn theUSA andJaparwith 525line framesat30framespersecond;
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Figure3.19: CCIR standardrideowaveform,1V peakto peak.

e CCIRusedin EuropeandAustraliawith 625line framesat 25 framesper sec-
ond.

Therequirement®f broadcastelevision arequite differentto thosefor machinevi-
sion. Broadcastelevision requireslow transmissiorbandwidth,easeof decodingin
the viewer's setand minimal humanperceptiorof flicker. Interlacing,an artifactin-
troducedto addresghe constraintof broadcastelevisionis particularlyproblematic
for machinevision andis discussedurtherin Section3.4.1. The cameraramerate,
effectively thesampleratein avisualseno systemjs now a significantlimiting factor
given the currentand foreseeableapabilitiesof image processindhardware. High
framerateandnon-interlacedamerasrebecomingncreasinglyavailablebut areex-
pensve dueto low demandandrequirespecializedligitizationhardware Introduction
is alsohamperedy a lack of suitablestandardsAn importantrecentdevelopments
the AIA standardor cameraswith digital ratherthananalogoutput, which supports
interlacedandnon-interlacedmagesof arbitraryresolution.

A television signalis ananalogwaveformwhoseamplituderepresentthe spatial
imageintensityl (x,y) sequentiallyasv(t) wheretime is relatedto the spatialcoordi-
natesby therasterizingunctions

X = Rt) (3.57)
y = R(t) (3.58)

which aresuchthat the imageis transmittedn a rasterscanpattern. This proceeds
horizontallyacrosseachline, left to right, andeachline from top to bottom.Between
eachline thereis a horizontalblankinginterval which is not displayedbut provides
a shorttime interval in which the display CRT beamcanreturnto the left side of
screerprior to displayingthe next line, andcontainsa synchronizatiorpulse,to keep
the display point in stepwith the transmittedwaveform. The video waveform for
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Figure 3.20: CCIR formatinterlacedvideo fields. Note the half line at top and
bottomwhich distinguisheshetwo field types.

oneline time is shavn in Figure 3.19, and detailsof timing aregivenin Table 3.6.
Typically video signalsare 1V peak-to-peak.The averagevalue of the luminance
signalis referredto asthe pedestaloltage. The badk-porch periodis usedto provide
a referenceblankinglevel for the intensitywaveform. For RS170videothe voltage
correspondingp blackis raisedslightly, 54mV, abore theblankinglevel by theblack-
setupvoltage.

An interlacedvideo signalcomprisegairs of sequentiahalf-vertical-resolution
fields displacedvertically by oneline, asshavn in Figure 3.20. All evenlines are
transmittedsequentiallyin onefield, followedby all oddlinesin the next field. This
artifice allows a screenupdaterate of 50Hz which is above the flicker perception
thresholdof humanviewers. A field is not an integral numberof line times— for
CCIR standardvideothereare 287.5lines perfield. Even fields begins with a half-
line, andodd fields endwith a half-line asshavn in Figure3.20. A CCIR frameis
definedascomprisinganevenfield followedby anoddfield. Betweereachfield there
is averticalblankinginterval, whichalsosenesfor beanretraceandsynchronization.
Detailsof verticalwaveformtiming aregivenin Table3.7.

A compositecolor signalcompriseghe luminancesignalalreadydescribedwith
a superimposeduppressed-carri@hrominancesignal. The chrominancesignalis
phasemodulatedto encodethe two color componentignals. To demodulatehis
signalthe carriersignal® mustbe reinsertedocally. A few cyclesof the carrierfre-
gueng, the color burst, aretransmittecduringthe backporchtime to synchronizehe

18For CCIR the color subcarriefrequencyis approximatelyt.34MHz.
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| Period | Fraction| Time (us |
Totalline (H) | 1H 64.0

H blanking 0.16H 12.0+0.25
H syncpulse | 0.08H 47+0.2

Table3.6: Detailsof CCIR horizontaltiming.

| Period | Fraction| Time |
Totalfield (V) v 20ms
312.5H
Total frame 2V 40ms
625H

Active frametime | 575H

Activefieldtime | 287.5H
V blanking 25H 1.6ms
0.08Vv

Table3.7: Detailsof CCIR verticaltiming.

local colorsubcarrienscillator. Thismethodof encodingcoloris chosersoasto min-
imize interferencewith the luminancesignalandto provide backwardcompatibility;
thatis, allowing monochromemonitorsto satisfactorilydisplaya color video signal.
Bright fully-saturatedegionscausethe CCIR color videosignalto peakat 1.23V.

3.4.1 Interlacing and machinevision

As alreadydescribeda framein aninterlacedmagecompriseswo videofields. Be-
fore the framecanbe processedh a machinevision systembothfields mustbe read
into aframestordo recreatgheframe. This processs referredto asdeinterlacing
Ordinarily deinterlacingdoesnot causeary problem,but whenimaginga rapidly
moving objectthe time at which the field imagesare captured,or the type of shut-
teringused,is critical. A frameshutteed cameraexposeshothfields simultaneously
whereas field shutteedcamerasxposeseachfield prior to readout Frameshuttering
is feasiblewith a frametransferCCD sensar The Pulnix camerausedin this work
employsaninterlinetransferCCD sensorndis capableonly of field shuttering Fig-
ure 3.21 shows the effect of deinterlacinganimageof a rapidly moving objectfrom
a field shutteredcamera. For moderatevelocity the objectbecomegaggedaround
the edges,but for high velocity it appeardo disintegrateinto a cloud of shortline
segments.Oneapproacho circumwentingthis problemis to treatthefieldsasframes
in their own right, albeitwith half the verticalresolution. This hasthe advantage of
providing twice thevisualsamplerate,while eliminatingdeinterlacingvhichrequires
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Figure3.21: The effectsof field-shutteringon an objectwith moderatgtop) and
high (bottom)horizontalvelocity.

additionalhardwareandincreasesateng.

Whenusingvideofieldsin thismanneiit shouldberememberethatthephotosites
for thetwo fieldsareoffsetvertically by oneline in thesensomrray andthusoddand
evenfield pixelscorrespondo vertically disparatepointsin the scen&®. Thisresults
in thevertical coordinatedeingsuperimposewith a 25Hz squarewvave with 1 pixel
peak-to-peakmplitude Althoughtheimageplanedisplacemeris small,theapparent
velocity is very high, around12pixel/s, andmay causeproblemswith tamgetvelocity
estimatorsTo berigorouswhenusingfield ratedatathis effect shouldbecorrectedor
(differentcamereacalibrationsmadefor eachfield) but in practicethisis rarelydone.

3.5 Imagedigitization

The digital imagesusedin machinevision are a spatially sampledrepresentatiomf
thecontinuousmagefunctionl (x,y). Thefirst stepin machinevision processings to
digitize the analogvideo waveform which representsheimagefunction. The wave-
form is sampledand quantizedandthe valuesstoredin a two-dimensionamemory
array known as a framestoe. Thesesamplesarereferredto as picture elementsor

19somecamerasare ableto providean interlacedoutputthat usesonly a singlefield from the sensor
Thatis, theyoutputevenfield, evenfield, evenfield . ..



3.5Image digitization 107

pixels andtheir magnitudes often referredto asgrey-level or grey value Eachrow
of datain theframestorecorrespond$o oneline time of theanalogvideosignal.

This sectionwill examinethe variousprocessingstagesnvolved in imagedig-
itization, both in generaltermsand also with particularreferenceto the Datacube
DIGIMAX [73] hardwareausedin thiswork.

3.5.1 Offsetand DC restoration

Theanalogwaveformfrom thecameranayaccumulat®C offsetduringtransmission
and amplification. DC restorationis the processof eliminatingtheseoffsetswhich
would otherwisebe manifestas brightnessoffsets, introducingerrorsin perceved
image contrast. The waveform is sampledduring the back porch period, and this
value(maintainedoy a sampleandhold network)is subtractedrom the videosignal
for the next line so asto restorethe DC level. Ideally the signal's black reference
voltageis relatedto the outputof the darkreferencephotositesithin the camera.

The DIGIMAX digitizer allows an offsetto be specified so that the signallevel
correspondingo black canbe setto correspondvith a grey valueof 0. The Pulnix
TM-6 camerahasbeenobseredto outputa blacklevel 25mV above blankinglevel,
despiteits claimedCCIR outputformat.

3.5.2 Signalconditioning

Priorto digitizationtheanalogsignalfrom thecameramustbefilteredto reducealias-
ing andpossiblyto screerputthechrominancesignalfrom a compositevideosource.
The DIGIMAX hasa 6th orderfilter with settablebreakfrequeng. For a 512 pixel
sensora breakfrequeng of 4.5MHz is usedwith a 40dB/octave rolloff. However
suchafilter will have a substantiakffect on frequeng componentsvithin the pass
bandwhich will be manifestedn reducedcontrastandblurring of fine imagedetail,
compoundingheeffectdueto thecameras MTF. More importantlythe signalwill be
delayeddueto thephasecharacteristicseeFigure3.22,0f theanti-aliasindilter. This
mustbe consideredn the cameracalibrationprocesssinceit shifts the entireimage
horizontallyasshavn by the stepresponsé-igure3.23.

Thesignalconditioningstagemayalsointroduceagain,Kgig, prior to digitization
to improve the signalto noiseratio for dark scenes.The DIGIMAX digitizer allows
gainsettingsin therange-4dB to +10dB in 2dB stepswhich corresponds$o +1.3to
-3.3stopsatthecamera.

3.5.3 Samplingand aspectratio

At thesampleithe piecavise constanbutputsignalcorrespondingo the camergho-
tositeshasbeendeggradedand' roundedoff' dueto the limited bandwidthelectronics
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Group delay of 6th order Butterworth 4.5MHz
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Figure3.22: Phasealelayof 6th order 4.5MHz Butterworthlow-pasdilter shaw-

ing delay in pixels as a function of frequeng of the video signal. For video
digitizationthe Nyquistfrequeng is 5MHz.
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Figure3.23: Simulatedstepresponsef 6th order 4.5MHz Butterworthlow-pasdilter.
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Figure3.24: Measurecameraanddigitizer horizontaltiming.

andtransmission.This signalmustbe sampledo generatehe framestorepixel val-
uesli (i, j) wherei andj areframestoraow andcolumnaddressedmportantly the
framestorepixels, |, arenot necessarilynappedexactly onto camerapixels. In or-
der to correctly samplethe camerasignal and addresghe framestorethe cameras
rasterizingfunctions(3.57) and (3.58) must be replicatedwithin the digitizer. The
synchronizationnformationwithin thevideosignalis usedfor this purpose.

A digitizer samplesthe video signal v(t) at a frequeng fq, which is generally
an integral multiple of the horizontalsynchronizatiorpulsefrequeng, f,. For the
DIGIMAX digitizer[75]

fq = 616f, (3.59)

Suchsamplingdoesnot necessarilyalign the sampleswith the output of spatially
adjacentphotosites. Typical digitizers samplethe incomingvideo into an array of
512x 512sample?’, soeachline has512samplesrrespectve of the numberof pho-
tositesper line in the sensar Eachdigitized pixel is thereforenot an independent
point sampleof the incidentillumination, an effect which hasseriousramifications
for mary machinevisionalgorithms particularlyedgedetectorsywhichmakeassump-
tionsaboutindependenpixels[15]. This pixel re-samplingurtherreduceghe MTF,
andalsoalterstheaspectatio of the storedimage.

Figure 3.24 shaws the timing waveforms measuredor the Pulnix cameraand
DIGIMAX. The active video time of the camerais the responseof the unmasked

20sinceCCIRvideohas575active linesperframe,seeTable3.7, thelowest63 lines of the frame(11%)
arelost. More moderndigitizersandframestoresllow captureof anentireCCIR frame.



110 Fundamentalsof image capture

| Parameter | Value |
Sensowidth 6.5 mm
Sensokheight 4.8 mm
Horizontalactive pixels | 752 pixels
Verticalactive lines 582 pixels
Pixel width (py) 8.6 um
Pixel height(py) 8.3 um

Table3.8: Manufactures specificationgor the Pulnix TM-6 camera.

pixelsandis readilymeasuredavith anoscilloscopdrom thevideowaveformwith the
sensoiilluminatedandno lensfitted?. The active video region of the DIGIMAX is
512 pixelslong baginning 87 pixels after the horizontalsynchronizatiorpulse[75].
Clearly the active video times of the cameraand digitizer do not overlap correctly
As a consequencthe digitizedimagecontainsa black stripe,approximatelyl0 pix-
elswide, on the left handedgeof the imageandthe samenumberof pixels arelost
from theright handedge.TheDIGIMAX' stimingis appropriatdor RS170wxherethe
horizontalblankingperiodsareshorterthanfor CCIR.

The cameras 752 camerapixels perline, from Table 3.8, arere-samplecht 512
points,andthis ratio canalsobe expressedn termsof the digitizer and camerapixel

frequencies . 750
Cc
B= T 1.47 (3.60)
Eachframestorepixel thuscontainanformationfrom nearly1.5 camergphotosites.

The paramete@ is importantfor mary of the cameracalibrationtechniqueglis-
cussedn Sectiond.2.2,anda numberof techniquesiave beenproposedor its deter
minationsinceit is highly dependenuponthe cameraanddigitizer used. Tsai[169]
suggest®observinginterferencepatternsn the digitized imagedueto beatingof the
cameras pixel clockwith thedigitizer, but no suchpatternis discerniblewith this Pul-
nix cameraPenng205] describesanapproactbasednimaginganaccuratesphere,
andfitting a polynomialcurve to the capturedmage.

An experimentto accuratelydeterming3 wasconductedisingthefrequeng ratio
measuremertapabilityof an HP5115AUniversalCounter The camergpixel clock
andthe horizontalsynchronizatiompulsesignalsarebothavailableandtheirratiowas
measure@s ¢

f—° =9043 (3.61)
h

21IThemeasuredine time at 64.36ysis slightly longerthanthe CCIR standardb4ps
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| Parameter]| Value |
Oy 79.2 pixel/mm
Oy 120.5 pixel/mm(framemode)
Oy 60.2 pixel/mm(field mode)

Table3.9: Derived pixel scalefactorsfor the Pulnix TM-6 cameraandDIGIMAX digitizer.

andknowledgeof DIGIMAX operation(3.59),leadsto

p=te =Tl g 468 (3.62)
fa  fafg
Framestoregixel aspectratio is a function of the cameras pixel dimensionsand
thesamplingratio B. Thedimension#? of the photositespy x py, for thecameraused
in this work aregivenin Table3.823 The scalefactorsoiy anday arereadily derived
from the photositedimensions

1
oy = ixel/m 3.63
5xp.’ / (3.63)

1
ay = Eplxel/m (3.64)

An imageon the sensomwith dimensionf W x H will appeaiin the framestore
with dimensionsjn pixels,of oW x ayH. In generalthe aspectatio, height/width,
will be changedy ay/ay, andthis hasbeenverified experimentallyas1.52. When
processingiideofields ratherthanframes,adjacentows in the imageare separated
by two rows onthe sensor Thevertical scalefactorbecomes

ay = %pixel/m (3.65)

andtheratioay/ay is now 0.761. Thesescalefactorsaresummarizedn Table3.9.

Thetiming relationshipgustdescribedwhichareafunctionof the particularcam-
eraanddigitizer used,directly affect horizontaldisplacemenbf the imageand dig-
itized imageaspectratio. Both of thesefactorswill affect the intrinsic parameters
of the camera,andare significantin cameracalibrationwhich will be discussedn
Sectior4.2.

Figure3.25shaws the coordinatesystemghatwill be usedthroughouthis work.
Thedirectionof pixel scanningwithin the CCD sensoeliminatesgheimageinversion
presenin the earlierlensequationg3.30)and(3.31). Theworld X andY directions

22Manufacturersspecificationslo not discusgoleranceon pixel dimensions.
23Generallythe pixelscellsarenot squarehoughcamerasvith squarepixelsareavailable.
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Figure3.25: Cameraandimageplanecoordinatesystems.

correspondo theimageplane'X and'Y directionsrespectiely. Thoseequationsan
now bewritten in termsof pixel coordinatess

- f

x = 2ix (3.66)
z—f

. f

Y o= v (3.67)

(3.68)

where(Xo, Yo) is the pixel coordinateof the principalaxis definedearlier

3.5.4 Quantization

The final stepin the digitization processs to quantizethe conditionedandsampled
analogsignal by meansof a high-speecanalogto digital corverter The sampleis

quantizednto ann-bit integerwith valuesin therange0 to 2" — 1. Typically the black
referencewould correspondo 0 andthe peakwhite level to 2" — 1. The quantized
signal,xq(t), canbewrittenin termsof the original signal, x(t), as

Xq(t) = X(t) +&q(t) (3.69)

whereg(t) is the quantizatiomoisewhich is assumedo have a uniform distribution
overtherange[— % %] andameansquargyivenby

— 1
€=1 (3.70)
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Figure3.26: Measureccameraresponséo horizontalstepillumination change.
Curwes are f/1.4 with 4.5MHz analogfilter (solid), f/1.4 with no analodfilter
(dotted),andf/16 with 4.5MHz analodfilter (dashed).

Thesignalto noiseratiois then .
SNR=12¢2 (3.71)

The DIGIMAX employsan 8-bit corverterandfor a typical pixel RMS grey-value
of 100 the SNR dueto quantizationwould be 51dB. To increasethe SNR for low

amplitudesignalsa gain, Kgig, canbe introducedprior to quantization,seeSection
3.5.2.FromFigure3.18it is clearthatthe quantizatiomoise,(3.70),is low compared
to thetotal measuredariance.

3.5.5 Overall MTF

The spatialstepresponsef the entireimaging systemwas measuredy capturing
animageof a standardestchartundervariousconditions. The spatialfrequenyg re-
sponsewill bereducedoy all the mechanismslescribedabore includinglensaberra-
tion, aperturediffraction,pixel captureprofile, analogsignalprocessinganddigitizer
pixel re-sampling.The horizontalstepresponsegareshavn in Figure3.26. Switch-
ing outthe DIGIMAX analogfilter shifts the edgeby approximatelyl.7 pixels?* but

24sincethe phasedelayof thefilter, shovn in Figure3.22,is eliminated.
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Figure 3.27: Measuredcameraresponseo vertical stepillumination change.
Curwesaref/1.4 with 4.5MHz analodfilter (solid), andf/16 with 4.5MHz analog
filter (dashed).

doesnotincreasahe edgesharpnessFor both horizontalandvertical responsethe
edgegradientis 50% higherat f/16 comparedo f/4. As discussedn Section3.2.3.1
the effect of aberrationss reducedas the f-numberincreaseauntil the diffraction
limit, (3.24),is encounteredFromthisit maybe concludedhatthe analodfilter and
diffractionhave minimaleffectontheoverall MTF whichis ultimatelylimited by lens
aberration.

Theverticalandhorizontalprofilesbothhave approximatelythe sameedgegradi-
entwhencorvertedfrom pixel unitsto distanceunits, thatis, around25greylevel/um.
Theedgewidth for thef/1.4 casds approximately3.8 pixels,whichfrom (3.25)gives
anestimatedMTF atthe Nyquistfrequeng of

1
MTF; = =— ~ 0.26
/2~ 38
This is low comparedo the MTF plots givenin Figure3.13andagainsuggestshat

spatialsamplingis not a limiting factorin edgeresolution. Thereis strongevidence
to suggesthatthe C-mountCCTV leng® usedis the dominantsourceof edgeblur.

25CosmicarC814.
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—tiiter ZOH | —»
sampler

Figure 3.28: Typical arrangemenof anti-aliasing(low-pass)filter, samplerand
zero-ordeihold.

Thesdensearemasgproduceccommodityitemsfor applicationsuchassuneillance
andarelikely to be designedor low unit costratherthanimagequality. It hasbeen
suggestefb?] thattheformatof C-mountlensesparticularlythelong back-focalis-
tanceseverely constrainghe optical design.C-mountlensesare however commonly
usedwithin the machinevision androboticsresearcttommunity

3.5.6 Visual temporal sampling

In a visual seno systemthe cameraperformsthe function of the sampler An ideal
visual samplemwould capturethe instantaneoustateof the sceneandin practicethis
canbe approximatedy choiceof a suitablyshortexposureinterval. Digital control
systemsas shavn in Figure 3.28, typically include an analogprefilter betweenthe
sensofandthe digitizer asan anti-aliasingdevice. Suchfilters arelow-passandde-
signedto attenuatesignalsabore the Nyquist frequeng so that, when aliasedinto
lower frequenciedy the samplerthey will not be detrimentatlto the control-system
performancg95].

The effect of aliasingdueto camerasamplingresultsin the well known effect
where,in movies, the wheelson wagonscanappeato rotatebackward.In a visual
seno systemit is difficult to conceptualizen analogprefilter— this would be some
optical device that transmittedow-frequeng sceneintensity changebut attenuated
high-frequeng change.Intuitively it canbe seenthat suchan effect is achiered by
motionblur. A pointoscillatingathighfrequeng in thescenewill appearwith along
exposureinterval, to be a blur andhave little if any apparenmotion. While rapidly
oscillatingtamgetsareunlikely to beencountered;ameraoscillationdueto manipula-
tor structuralresonances a significantissueandis discussedurtherin Section8.1.4,
whereit is shovn that resonancesxist at frequenciesonsiderablygreaterthanthe
visualNyquistfrequeng.

Simulationsof cameraesponséo sinusoidatargetmotionshov themagnitudeof
the motion detectedy the cameras a complex function of tamgetmotionmagnitude
and frequeng as well as cameraexposureinterval and threshold. The simulation
modelstheindividual photositechageintegrationasthetargetintensityprofile moves
with respecto the photositearray Theintegrationis performedusingalarge number
of time stepswithin eachchage integrationinterval. The dominantcharacteristidor
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sinusoidaltarget motion up to the Nyquist frequeng is a linear phasecharacteristic
dueto thelateny associatedvith the exposureinterval givenpreviously by (3.47).

AbovetheNyquistfrequeny it is notpossibleo examinethemagnitudeandphase
of sinusoidalcomponentsince,dueto frequeng folding, the input and outputfre-
gueny arenot equal. The approachusedin simulationis to assumearget motion
with a uniform spectrumabove the visual Nyquist frequeng and examinethe RMS
magnitudeof the simulatedcameraoutputwhich representsoiseinjectedinto the
controllerby superNyquisttargetmotion. Thetargetmotion

X(t) =H(r(t)) +pt (3.72)

is generatedy high-pasdfiltering a vector of randomnumbersyr(t). In this case
thefilter selectedH , is a 6 order Type | Chebyshe filter with a breakfrequenyg
of 30Hz and 3dB passbandipple. For small amplitudetarget motion the camera
outputis highly dependenbn wherethe targetimagelies with respecto the pixel
boundariesTo countetthisthehigh frequeng targetmotionis addedo arampsignal,
Bt, whichslowly movesthetargetcentroidby 1 pixel overthesimulationinterval of 64
field times. This rampis remaoved beforecomputingthe RMS value of the simulated
cameraoutput. Figure 3.29 shavs the magnituderesponsef the camerasimulated
in this mannerfor two differentexposureintervals. It canbe seenthat the camera
attenuateshis superNyquist signalandthatthe attenuatiorincreasesvith exposure
interval. Intuitively this is reasonableinceimageblur will increasewith exposure
interval. Figure3.30shaws, for a constanexposureinterval, the effect of varyingthe
threshold. The cameraresponses greatesfor a normalizedthresholdof 0.5 which
is the midpoint betweenbackgroundand foregroundintensity Greatesattenuation
of superNyquist componentganbe achieved by usinga low thresholdand a long
exposureinterval.

3.6 Cameraand lighting constraints

This sectionsummarizeghe issuesinvolvedin the selectionof camerasettingsand
scenéllumination. Therequirements$or visualseroing are:

¢ alargedepthof field soasto avoid imagefocusproblemsasthe cameranoves
depthwisewith respecto thescene;

¢ shortexposureinterval to reducemotion blur andhave the cameracloselyap-
proximateanidealvisualsampler;

o theobjectbe of sufiicient sizeandbrightnessn theimagethatit canberecog-
nized.
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Figure 3.29: Magnituderesponsef simulatedcameraoutputversustarget mo-
tion magnitudefor variousexposureintenals: 2ms (*), 20ms(+). Dottedline
correspond$o unit gain. Thresholds 0.5.
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| Quantity | Lower bound | Upperbound |

focal magnification(3.8) field of view (3.10),(3.11)

lengthf geometriadistortion

f-number depthof field (3.19),(3.20) | diffraction(3.24)

F imagebrightnesg3.12)

SNR(3.56)

exposure imagebrightnesg3.12) imageblur

interval Te SNR(3.56)

illuminancek; | imagebrightnesg3.12) subjectheating
SNR(3.56)

Table3.10: Constraintsn imageformation. Therelevantequationsarecited.

Theserequirementsareconflicting— for instancedepth-of-fieldrequiresasmallaper
turewhich combinedwith the needfor shortexposuretime greatlyreducegheimage
intensity Table 3.10 lists the parametersand indicatesthe factorsthat control the
upperandlower boundsof acceptablesettings.

A spreadsheeseeFigure3.31,is a corvenientway to appreciatéheinteractions
of theseparametersThetop sectioncontaingparametersf thelensanddigitizer, and
thesecorrespondo the 8mm lensusedin thiswork.2® The next sectioncomputeghe
diffractionblur by (3.24),andthehyperfocaldistanceor thespecifieddiametercircle
of confusionby (3.21). Thenearandfar focusboundscomputedy (3.19)and(3.20)
arealsoshown. For this casea reasonablelepthof field canbe obtainedat f/5.6 with
thefocuspointsetto 700mm. Thediffractioneffectis negligible at only 0.3pixels

The lowestsectionof the spreadsheatomputedield of view, objectimageplane
sizeattwo settabledistancegrom the cameranearandfar. Incidentlightmeterread-
ings and estimatedcameragrey-level responsere calculatedbasedon the distance
betweerobjectandlight source.In this examplethe lighting systemcomprisegwo
800W studio spot-lightssituated3m behindthe camera. Given the shortexposure
time andsmallaperturesettinga significantamountof illumination is requiredto ob-
tain areasonableameraresponsat thefar objectposition.

3.6.1 Illlumination

An 800W photographidloodlampwith a quartzhalogenbulb hasa luminouseffi-
cieny of 20lm/W. Assumingthe emittedlight is spreadover Ttsr*” the luminous
intensityis

=5100cd

800x 20
Tt

26 enstransmissiomf 80%is anestimateonly.
2’0Onequarterspheresolid angle.
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Camera and lens settings

Aperture (F) 5.6

Focal length (f) 8 mm

Lens tranmission 80 %

Exposure time (Te) 2 ms

Pixel scale (ax) 80 pixel/mm

Pixel scale (ay) 60 pixel/mm

Focus setting 700 mm

Hyperfocal distance 922 mm

Diffraction 3.79 ym = 0.30 pixels
Circle confusion diam 1 pixel

Depth of field 425 mm, to  INF mm

Object apparent size

Near Far

Object range: 600 3000 mm
Object diameter (d) 50 mm = 541 10.7 pixel
Magnification 0.014 0.003
Framestore pixel scale factor (X) 1.08 0.21 pixel/mm
Framestore pixel scale factor (Y) 0.81 0.16 pixel/mm
Fleld of view: width 474 2394 mm

height 631 3191 mm
lllumination and object brighness
Light position -3000 mm 10186 10186 cd
Light power 1600 W 786 283 Ix
Luminous efficiency 20 Im/W 393 141 nt
Sphere fraction 0.25 11.47 9.99 EV
Surface reflectance 0.5 1.26 0.45 Ix

220 79 grey-levels

Figure3.31: Spreadshegirogramfor cameraandlighting setup.Input variables
arein grey boxes. Imageplaneobjectsize andfield of view are calculatedfor
two cameradistancesnearandfar. Objectbrightnessjn lightmeterunits and
estimatecdcameragrey-level, is computedbasedon the distancebetweerobject
andlight source.
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Figure3.32: Comparisorof illuminancedueto a conventional800W floodlamp
(dashedpnd10 cameramountedLEDs (solid) asa function of distancerom the
camera.lt is assumedhatthe LEDs are 15cd eachandmountedat the camera,
andthefloodlampis 3m behindthe cameraandradiatinglight over Ttsr.

If thelampis positioned3m away from the objecttheilluminancewill be

5100

Recentlyhigh-intensitylight emitting diodes(LEDs) have becomeavailable. A
typical device hasanintensity of 3cd at 20mA with a 7° beamwidth. At the peak
currentof 100mA theintensitywould be 15cd, andif the LED weremountedon the
cameraandthe objectdistancewas0.5m the illuminancewould be 60Ix. Thusten
camera-mountekigh-paver LEDs exceedtheilluminanceof avery hot 800W studio
floodlampsituatedsomedistanceaway. A comparisorof the effective illuminanceof
floodlampandLEDs for varying objectdistances givenin Figure3.32shawving that
the LEDs are competitize for target illumination up to 600mm. Thesecalculations
have beenbasedn photometriaunits,thoughasshavn in Figure3.4,atungsteriamp
andared LED at 670nm emit mostof their radiationin a spectralregion wherethe
sensitvity of a CCD sensogreatlyexceedghatof theeye.

In thevisual serwing applicationthe cameras electronicshutteris openfor only
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10% of thetime?® so 90% of the sceneillumination is essentiallywasted. The LED
schemecanbe furtherrefinedby pulsingthe LED sothatit is lit only while the cam-
era’s electronicshutteris ‘open’. At a 10%duty-¢ycle the LED peakcurrentcansub-
stantiallyexceedthe continuougatingandexperimentshave shavn thatpeakcurrents
of 400mA arepossible.However the light outputdoesnotincreasegproportionallyto
currentandthisis discussedurtherin AppendixE.

A pulsedLED light sourcehasbeenbuilt with a ring of 10 high-intensityLEDs
placedaroundthe camerdens,seeFigureE.1. A controlbox, describedn Appendix
E, allows the currentpulseheight,width andstartingtime to be adjusted.The advan-
tageoof thislight sourcearethatit is lightweight,rugged haslow heatoutput,andlike
a miner's cap-lampdirectslight on the subjectof interest.Its principal disadantage
is thatthe light outputis uneven dueto theway in which the poolsof light from the
individual LEDs overlap.

3.7 The humaneye

The humaneye hasmary importantdifferencesvhen comparedo a CCD sensor
The eye is approximatelysphericalwith a diameterof 15mm andlight is sensedy
photoreceptortocatedin the retinaat the backof the eye. In normaldaylight con-
ditions conephotoreceptorsre active andtheseare color sensitve: 65% sensered,
33% sensegreenandonly 2% senseblue. The conesareapproximately3um in di-
ameterand34,0000f themarepackednto thefoveal areaof theretinawhichis only
0.6mmin diameter Thephotoreceptodensityin therestof theretinais considerably
lower. The eye hashigh resolutiononly over thefovealfield of view of afew degrees
but subconsciousye motion directsthe foveaover the entirefield of view. Thedis-
tancebetweerthe lensandretinais approximatelyconstantat 15mm sofocussingis
achieved by musclesvhich changehe shapeof thelens.

Conephotoreceptorhave a dynamicrangeof 600andthe pupil, equivalentto the
iris of alens,variesin diameterfrom 2 to 8mm which providesfor afactorof 16 (10
in older people)in dynamicrange. At very low light levels the rod photoreceptors
becomeactive and provide anotherfactor of 20 in dynamicrange. Therod sensors
are monochromatiand their densityin the foveais only 7% of that of the cones,
but increasesn the peripheralregion. Rod sensitvity is chemicallyadaptedwith
a time constantof tensof minutes. The overall dynamicrangeof the eye is thus
approximatelyl00,000.

The eye hasthreedegreesof rotationalmotion. The muscleshatactuatethe hu-
maneye arethefastestctingin the bodyallowing theeye to rotateat upto 600dey/s
and35,000dey/s? for saccadianotion [270]. Smoothpursuiteye motions,involved
in trackingamaving object,operateatupto 100dey/s[214]. Rotationabouttheview-

287 2msexposurdor every 20msvideofield.
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ing axis, cyclotorsion,is limited andthe maximum,rangingfrom 5 to 20deg, varies
betweerindividuals.



Chapter 4

Machine vision

Computervision is the applicationof a computersystemfor receving andprocess-
ing visual information. It comprisegwo broadareas:imageprocessingandimage
interpretation.The latter, often referredto asmadine vision, is typically appliedto
partinspectionandquality control, andinvolvesthe extraction of a small numberof
generallynumericfeatuesfrom theimage.Theformeris theenhancemerdf images
suchthatthe resultingimagemoreclearly depictssomedesiredcharacteristicéor a
humanobsenrer, andis commonlyappliedto medicalandremotesensingmagery

Section4.1 introducesthe conventionalcomputervision topics of sggmentation
andfeatureextraction. Particularemphasiss givento binary imageprocessingand
momentfeaturessincetheseprovide a cost-efective andtractablesolutionto video-
rateimagefeatureextraction. It is importantto notethatvisualseno techniquedased
onbinaryimagefeaturesareequallyapplicableo moreelaboratelybtainedeatures,
providedthatthe processingateis highandthelateng is low.

Sectiord.2discussetheimportanttopicsof close-rang@hotogrammetrycamera
calibrationandeye-handcalibration.Theseareimportantin understandingrior work
introducedn thenext chapterandalsoto completethecharacterizatioof the camera
anddigitizer usedin this work.

4.1 Imagefeature extraction

Imageinterpretationor sceneunderstandingis the problemof describingphysical
objectsin a scenegiven animage,or images,of that scene. This descriptionis in
termsof, generallynumeric,imagefeatures.

The principalrole of imagefeatureextractionis to reducethe cameraoutputdata
rate to somethingmanageabldy a corventional computey that is, extracting the
‘essence’of the scene.An imagefeatur is definedgenerallyasary measurablee-

123



124 Machine vision

lationshipin animage. Jang[135] providesa formal definition of featuresasimage
functionals

1= [ [ F oty dncy @.1)

wherel (x,y) is the pixel intensityat location(x,y). ThefunctionF () is alinearor
non-linearmappingdependingon the feature,and may alsoincludedeltafunctions.
Somespecificexamplesof imagefeaturesnclude:

o the(p+q)" ordermoments
Mpg _// xpyql (x,y)dxdy; (4.2)

For a binaryimagemyy is the objectarea,and(mo, mo1) is the centroid. Mo-
mentfeaturesdiscussedurtherin Sectiond.1.2,arewidely usedn visualseno
systemg17,65,88,92,116,212] dueto the simplicity of computation;

e templatematchingby cross-correlatiolr sumof squarediifferenceg198] to
determinethe coordinateof somedistinctive pixel patternin the image. The
patternmaybe anedge corneror somesurfacemarking;

¢ lengthsor orientation of theedgesf objects;

¢ lengthsor orientation of line sggmentsconnectinglistinctobjectsin thescene
suchasholesor corners[104,198,236]. Feddemd91,92] usedlines between
the centroidsof holesin a gasketo determinghe gaskets pose.

Two broadapproacheto imagefeatureextractionhave beenusedfor visualsenoing
applications;whole scenesggmentation,and featuretracking, and are describedn
sectiongd.1.1and4.1.4respectiely.

4.1.1 Whole scenesegmentation

Segymentatioris the proces®f dividing animageinto meaningfusegmentsgenerally
homogeneouwith respecto somecharacteristicThe problemof robustly sgment-
ing a scends of key importancen computewision,andmuchhasbeenwritten about
the topic and mary methodshave beendescribedn the literature. Haralick [106]
providesa suney of techniquesapplicableto staticimagesbut unfortunatelymary
of thealgorithmsareiterative andtime-consuming@ndthusnot suitablefor real-time
applications.In a simpleor contrivedscenethe sgmentsmay correspondlirectly to
objectsin thescenebut for acomplex scenghisis rarelythe case.
Theprincipalprocessingtepsin sggmentationshavn in Figure4.1,are:

1. Classification wherepixels are classifiedinto spatialsetsaccordingto 'low-
level' pixel characteristics.
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sensor pixel representation description —_—
pixels :| classification pixel pixel sets
Class = regions features
— boundarie!
segmentation

Figure4.1: Stepsnvolvedin scendnterpretation

2. Repesentation wherethe spatial setsare representedn a form suitablefor
furthercomputationgenerallyaseitherconnectedegionsor boundaries.

3. Description wherethe setsare describedn termsof scalaror vector valued
features.

Pixel valuesmay be scalaror vector and can represenintensity color, range,
velocity or ary other measurablesceneproperty The classificationmay take into
accountthe neighbouringpixels, global pixel statistics,andeventemporalchangen
pixel value. Generalsceneshave too much'clutter' and are difficult to interpretat
videoratesunlessixelsof 'interest’' canbedistinguishedHarrell[108] describeghe
useof color classificatiorto sggmentcitrusfruit from the surroundindeavesin afruit
picking visualseno application.Hayneq39] proposesequentiaframedifferencing
or backgroundsubtractionto eliminate static backgrounddetail. Allen [7, 8] uses
opticalflow calculationto classifypixelsasmaving or notmoving with respecto the
backgroundwhichis assumedtationary

The simplestclassificatioris into two sets Jeadingto binary segmentation Com-
monly this is achieved by applying a thresholdtestto the pixel values,and for an
intensityimagemaybewritten

s iflhj<T
P'JE{ S ifl>T

whereR,; is the pixel (i, j), and S, and Sy arerespectiely the setsof background
andforegroundpixels. This techniques widely usedin laboratorysituationswhere
the lighting andervironmentcan be contrived (for instanceusingdark backgrounds
andwhite objects)to yield high contrastnaturallydistinguishingforegroundobjects
from the background. Mary reportedreal-timevision systemsfor juggling [212],
ping-pong[17,88] or visual senoing [65,92,116] usethis simple, but non-rolust,
approach.

Selectionof anappropriatehresholdis a significantissue,andmary automated
approachew thresholdselectiorhave beendescribed219,275]. Adaptive threshold-
ing hasalsobeeninvestigatedthe principal problembeinghow to automaticallyrate
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Chain code
vectors

Figure4.2: Boundaryrepresentatioaseithercrackcodesor chaincode.

the 'successbor quality of a sgmentationso that an automaticsystemmay modify
or adaptits parameter$l5,156]. Corke and Anderson[54] usethe capability of a
hardwareregion-grover to performmary trial sggmentationger second.andjudge
appropriatehresholdrom the numberof regionsfound.

Oncethe pixelsof interesthave beenidentifiedthey mustbe representeth some
form that allows featuressuchas position and shapeto be determined. Two basic
representationsf imageseymentsarenatural: two-dimensionategions andbound-
aries Thefirstinvolvesgroupingcontiguougpixelswith similarcharacteristicsEdges
represendiscontinuitiesn pixel characteristicthatoftencorrespondo objectbound-
aries. Thesetwo representationare'duals’' and one may be corvertedto the other,
althoughthe descriptionsisedarequite different.

Edgesmay be representedy fitted curves, chain codeor crack code asshavn
in Figure4.2. Crackcoderepresentshe edgeas a seriesof horizontaland vertical
line sgmentsfollowing the'cracks' betweerpixelsaroundthe boundaryof the pixel
set.Chaincoderepresenttheedgeby directionvectordinking thecentersof theedge
pixels. Feddem&91] describesheuseof chaincodefor avisualsenoing application.
Crackcodesarerepresentetly 2-bit numbergiving thecrackdirectionas90i°, while
chaincodeis representedby 3-bit numbersgiving the next boundarypoint as45i°.
RosenfeldandKak [217] describea single-passlgorithmfor extractingcrack-codes
from run-lengthencodedmagedata.

The dual procedureto boundarytracingis connecteccomponengnalysis(also
connectivityanalysisor region growing), which determinegontiguousegionsof pix-
els. Pixelsmaybe4 way, 6 way or 8 way connectedvith theirneighbourg217,268].
Thisanalysignvolvesonepassovertheimagedatato assigrregionlabelsto all pixels.
During this processt maybe foundthattwo regionshave meiged,so atablerecords
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theirequivalencd27,70] or a seconcpassover the datamaybe performed217].

While edgerepresentationgenerallyhave fewer pointsthancontainedwithin the
componentcomputationallyt is adwantageouo work with regions.Boundarytrack-
ing cannotcommenceuntil theframeis loadedrequiresrandom-acces® theimage
memory and on average4 memoryaccesse$o determinethe location of the next
edgepixel. Additional overheads involvedin scanningheimagefor boundariesand
ensuringthatthe sameboundaryis tracedonly once.

Next eachsegmentedregion mustbe describedthe procesof feature extraction
Theregions,in eitheredgeor connecteccomponentepresentatiorcanbe analyzed
to determinearea perimeterextentand’ shape'.

4.1.2 Moment features

A particularlyusefulclassof imagefeaturesaremomentsMomentsareeasyto com-

puteat high speedusingsimplehardware andcanbe usedto find the locationof an

object(centroid)andratiosof momentamay be usedto form invariantsfor recogni-

tion of objectsirrespectve of positionand orientationasdemonstratedy Hu [125]

for planarobjects.For abinaryimagetheimagefunctionl (x, y)is eitherO or 1 andthe

momentgescribehe setof pointsS, notthe grey-level of thosepoints.
From(4.2)the (p+ )" ordermomentfor a digitizedimageis

Mpg =) gxpy“l (xy) (4.3)

Momentscan be given a physicalinterpretationby regardingthe imagefunction as
massdistribution. Thusmyg is the total massof the region and the centroidof the
regionis givenby
_ Mo _ Mo
mo’ 7% Mmoo
For a circularobjectit shouldbe notedthatif it is not viewed alongthe surfacenor-
mal, the centroidof theimage(which will beanellipse)doesnot correspondvith the
centroidof the object. Figure4.3 shows thisin exaggeratedorm via geometriccon-
struction,whereclearlyb < a. The effect becomesnorepronouncedasthe viewing
axisdepartdrom the surfacenormal.
The centralmomentguyq arecomputedaboutthe centroid

Mpg = ZZ(X—Xc)p(Y—YC)ql(Xa)’) (4.5)

(4.4)

andareinvariantto translation.They maybe computedrom themomentsnyg by

mo = O (4.6)
Hoo = O (4.7)
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Figure4.3: Exaggeratediew shawing circle centroidoffsetin theimageplane.

Mo

= - — 4.8

Hoo Moo= (4.8)
U

= - —= 4.9

Ho2 Moz — L (4.9)

MyoMo1
= mpp—— 4.10
Ma1 11 ; (4.10)
A commonlyusedbut simpleshapemetricis circularity, definedas
41imgo
= 2 (4.12)

wherep is theregion's perimeter Circularity hasa maximumvalueof p = 1 for a
circle,anda squarecanbe shavn to have p = /4.
The secondnomentsof areapo, Ho2 andpir may be consideredhe momentsof
inertiaaboutthe centroid
| — [ Moo H11 ] (4.12)
H11  Ho2
The eigemvaluesarethe principalmomentsof the region, andthe eigervectorsof this
matrix arethe principal axesof the region, the directionsaboutwhich the region has
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Equivalent ellipse

/- — Major axis

Minor axis

Figure4.4: Equivalentellipsefor anarbitraryregion.

maximumandminimum momentof inertia. Fromthe eigervectorcorrespondingo
themaximumeigervaluewe candeterminethe orientationof the principalaxisas

H20 — Ho2 — \/U%o— 2l0Mo2+ M3, + 412,

tanf = — 20 (4.13)
11
or moresimply )
tan2e = — ML (4.14)
H20 — Ho2

which is the sameas Hu's equation(59). Marny machinevision systemscompute
the so called'equivalentellipse’ parametersThesearethe majorandminor radii of

an ellipsewith the sameareamomentsasthe region, seeFigure4.4. The principal
momentsaregivenby the eigervaluesof (4.12)

Moo+ Moz % 1/ (M20Ho2) 2 + 442,
(4.15)

)\17 )\2 = 2
andthe areamomentsof an ellipseaboutthe majorandminor axesaregivenrespec-
tively by
A AR?
Imaj = 0 Imin = e (4.16)

whereA is theareaof theregion, anda andb arethe majorandminor radii. This can

berewrittenin theform
az2| 2 pog /2 (4.17)
Moo Moo
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Thenormalizedmoments

1
nqu@, y=5(p+a)+1for p+q=23-- (4.18)
Moo

areinvariantto scale.Third-ordemmomentsallow for thecreationof quantitieghatare
invariantwith respecto translation scalingandorientationwithin a plane.Hu [125]
describes setof serenmomentinvariants

¢ = nN20+No2 (4.19)

® = (N20—no2)’+4ni; (4.20)

@ = (N30—3n12)%+ (3n21—nNos)? (4.21)

® = (Nso+N12)?+ (N21+Nos)? (4.22)

@ = (N30—3n12)(N30+N12) [(N3o+N12)*— 3(N21+Noa)’] +  (4.23)
(3n21— N03)(N21+No3) [3(N30+N12)% — (N21+ Nos)?]

@ = (N20—nNo2) [(N30+N12)* — (214 N03)?] + (4.24)

4n11(N30+N12)(N21+ No3)
@ = (3n21—nNo3)(N30+N12) [(N30+N12)2— 3(N21+N03)?] +  (4.25)
(3n12— N30)(N21+ No3) [3(N30+N12)* — (N21+ Noa)?]

andHall [105] demonstratethis invariancefor a numberof real digital imagesthat
have beenscaled translatecandrotated. Small differencesareobsered in the com-
putedinvariantsandtheseareattributedto the discretenatureof thedata.

Region momentscan also be determinedrom the verticesof a polygonor the
perimeterpointsof a boundaryrepresentatiofi278]. For n boundarypointslabelled
1---nwherepointPy = Py

Mo — 1 iAe P q (_1)i+j < p><q>xp—iyq—jAXiZij (4.26)
P47 ptg+24 i;J;iJerrl | j) ¢

whereA; = XAy — Yo A, AX = X — X¢—1 andAy, = Yy — Ye—1. An alternatve formu-
lation [278] is moresuitablefor computinga fixed setof momentduringtraversalof
achain-codedoundary

4.1.3 Binary regionfeatures

Binary image processingand centroid determinationis commonly usedin field or
frameratevision systemdor visual control. Herewe look at how the estimationof
objectcentroidandwidth areaffectedby thresholdnoise,edgegradientandpixel fill
factor Theanalyticapproactdevelopedherediffersfrom thatgivenby Haralickand
Shapiro[107] andHo [118] in its explicit modellingof thethresholdingprocess.
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Figure4.5: Theidealsensomrrayshowing rectangulaimageandnotation.

4.1.3.1 Effect onwidth measuement

Considerthe sensommsa onedimensionahrrayof light sensitve areasgachof width
p, with no gapbetweerthemasshowvn in Figure4.5. Theimageof anobjectof width
w andintensityl; is formedonthearray Thebackgroundntensityis I,. The output
of asensingsiteis a binaryfunction of the averageillumination over its areaandthe
thresholdt suchthatl, < It < I+. The pixel is setif the fraction of its sensingarea
coveredby theobjectexceeds

=t

i1y

(4.27)

Theit pixel is centerechbouti p wherei is aninteger, andspangherange(i — 1/2) p
to (i41/2)p. It canbe shavn thatthe binary outputof the i pixel for an edgeat
positionx is givenby

L = H(ip—x+ pT—g) (4.28)
R = H(x—ip+ pT——g) (4.29)

for the left andright handsidesof the objectrespectiely, and whereH (x) is the
Heaviside unit-stepfunction. SubstitutinglT’ = T — 1/2, theindex of theleftmostand
rightmostsetpixel aregivenby

i(x) = ceil<%—T’> (4.30)

iR(¥) = floor<%+T’> (4.31)
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whereceil(x) is the smallestinteger suchthatceil(x) > x, andfloor(x) is the largest

integersuchthatfloor(x) < x. Theedgepixel positionsarea functionof thethreshold

used,aswell asthebackgroundandforegroundintensities.
Themeasuredguantizedwidth is

WH(x) = ir(X+wW)—iL(X)+1 (4.32)
— floor <X+—W —|—T’> _ceil <5 _ T’> +1 (4.33)
p p
which canbe simplified by substitutingfor distancesiormalizedo the pixel width
Xx=2 w=" (4.34)
p p

sothat(4.33)becomes
W*(X) = floor(X +wW +T') —ceil(X = T")+1 (4.35)

which s a two-valuedfunctionwith a periodof one pixel width, asthe objectmoves
acrossthe sensingarray In orderto understandhe distribution of quantizedwidth
estimatest is usefulto substitute

X = X*+xX (4.36)
W= W wW (4.37)

wherex* = floor(x'), w* = floor(w'), andX;Wle [0 1). By inspectionit is clearthat
for integervaluesof 6*

floor(8* +x) = 06" +floor(x) (4.38)

ceil(8" + x) 8" + ceil(x) (4.39)

soequation(4.35)canberewrittenas

WH(X) = floor(X +wW +T')—ceilX - T')+1 (4.40)
= floor(X* + X3+ W* +Wh T') —ceil(X* +X3-T')+1  (4.41)
= W+ 1+floor(G+ i+ T') — ceil (- T') (4.42)

which is a periodictwo-valuedfunction of XI Thatis, a singlequantizedwidth mea-
suremenW* switchesbetweerntwo valuesthatbracketthe actualwidth w'. For mary
measurementandassuming uniformdistributionfor X]theexpectedvalueof W* (x)

canbeshowvnto be
E(W*) w* W 2T (4.43)

= w42T (4.44)
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The averagewidth measuremendasthe objectmoveswith respecto the sensingar
ray is dependentiponthe thresholdselected. It will give an unbiasedestimateof
width onlywhenT' = 0,0or T = 1/2. From(4.27)this situationoccursonly whenthe
intensitythresholdT is midwaybetweertheforegroundandbackgroundntensities.

4.1.3.2 Accuracy of centroid estimate

Using a similar approachthe accurag of centroid determinationin the horizontal
directioncanbederived. The quantizedentroidof the objectin Figure4.5is

IR(X'—I—\N’) + IL(X')

X(X) = > (4.45)
= % {floor(X +W +T') +ceil(xX — T") } (4.46)
= %{ﬂoor(%* W T T + ceil(X* +3- T} (4.47)
= % {2x* +w"* +floor(+WH-T') + ceil(x3-T') } (4.48)

whichis againa periodictwo-valuedfunction. The expectedvalueof X* (x) is
EX) = % (2" +W* + B 1) (4.49)
= X'+ \%/Jr % (4.50)

andthetruecentroidis

X=X+ % (4.51)

sothe expectedvalueof errorbetweerthemis
E(x—X)=0 (4.52)

indicatingthatthe centroidestimateas anunbiasedstimateof the centroidandunlike
thewidth estimatds independenof threshold.

4.1.3.3 Centroid of adisk

Thecentroidof adiskin thehorizontaldirectioncanbeconsideredheweightedmean
of the centroidsof eachhorizontalline segmentcomprisingthe imageof the disk.

Intuitively we would expect that the larger the disk and the greaterthe numberof

line sgmentcentroidsaveragedthe closerthataveragewould approachhe expected
valuefrom (4.50).Ho [118] discusseshis issueandderivesthe approximation

1 /4 1
2 _
O%. = o2 <a + d—3> (4.53)
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Figure4.6: The effect of edgegradientson binarizedwidth.

whered is thedisk'sdiameterRavn etal. [13] shawv a simulationof centroidvariance
asafunctionof disk diametemwhich hasapproximatelythis characteristic.

4.1.3.4 Effect of edgeintensity gradients

Sofarthethediscussiorhasconcentratednthe casewheretheimagehasarectangu-
lar intensity profile but previous sectionsof this chapterthave discussednechanisms
which reduceedgesharpnessasshavn in Figures3.26and3.27. In a visualseno
systemedgegradientmay be further reducedby focuserrorsasthe objectdistance
varies.Theresultingedgemaybemoreaccuratelynodelledasatrapezoidalntensity
profile asshowvn in Figure4.6. Changesn threshold AT, or ambientillumination,
Aly, will have amarkedeffect onthewidth of the binarizedobject,

aw = 22— AT (4.54)

p

wherep is theedgegradientin unitsof greylevel/pixel. In practice with edgewidths
of up to 5 pixels, this effectwill dominateerrorsin the measuredvidth of the binary
object.

4.1.3.5 Effect of signalto noiseratio

Imagenoisesourcesverediscussedh Section3.3.7. Theforegroundandbackground
imageintensitiesshouldaccuratelybe consideredas randomvariableswith known
distributions.Providedthatthe two meansarewell separateit is possibleto sggment
themusinga fixedthreshold.

Usingthenoisemeasuremeratafor thePulnixcamerashovnin Figure3.18,the
maximumvariancecanbe takenas4greylevel. If anormaldistributionis assumed
then99% of all pixelswill bewithin +6greylevels of the mean. The probability of
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a pixel being greaterthan +10greylevelsfrom the meanis extremelylow, aroundl
pixel from theentire512x 512pixelimage.

In ascenawith high contrasiandawell choserthresholdcameranoiseis unlikely
to be a problem. However practicalissuessuchas uneven sceneillumination or the
co¢ effectin (3.12)maybring somepartsof theimagecloseto thethresholdesulting
in patchesof binary pixel noise. A conserative rule of thumbwould be to keep
the thresholdat least3c abore the backgroundgreylevel andat least3c belowv the
foregroundgreylevel, keepingin mindthato is afunctionof intensity

Cameranoise on the pixels wherethe edgeintensity crosseghe thresholdwill
adduncertaintyto the edgeof thebinaryimageandmay evenresultin isolatednoise
pixelsadjacento theedge.Theprobabilityof noisechanginghethresholdutcoméds
inverselyproportionalto theedgegradient.Simplegeometryresultsin anotherule of
thumbthatp > 30. For worst-cas@bsered cameravarianceof 4, this would require
p > 6greylevel/pixel which is easily satisfied. Figure 3.26 for exampleshows edge
gradientf atleast50greylevel/pixel.

Noiseis manifestedassingle pixels of oppositecolor to their neighbourswvhich
canbereadilyeliminatedby a medianfilter. Suchafilter setsthe pixel to the median
valueof all its neighboursFor abinaryimagesucha filter canbeimplementedising
simplelogic.

4.1.3.6 Numerical simulation

Theanalyticapproachesf Sectionst.1.3.1and4.1.3.2becomentractablewhentry-
ing to modeledgegradient,pixel fill factorandadditive noise. Insteada numerical
approacthasbeenusedwhich modelsatrapezoidaintensityprofile moving onepixel
acrosghesensingarrayin alarge numberof small stepswhile statisticsaregathered
aboutthe meanwidth andcentroiderror. Conclusionsvhich canbedravn from the
simulationsare:

e Thethresholddependencef meanwidth error, (4.44),is verifiedfor arectan-
gularintensityprofile.

o Theeffectof thresholdandintensitychangeon meanwidth error, (4.54),for the
caseof trapezoidalntensityprofile is verified.

e Themeancentroiderror, (4.52),is 0 andindependenof threshold.

o Reducingpixel fill factor, h < 1, hasno apparentffect on meanerroror vari-
anceof width or centroid.

o Additive noisehasvery little effect on meancentroidandwidth errorfor awell
choserthreshold As thethresholdapproachesitherforegroundor background
intensity meanwidth errorincrease®y several pixels, but meancentroiderror
is unafected.



136 Machine vision

e As edgegradientis reducedhe meanwidth andcentroiderror areunchanged,
but thevariancencreases.

Simulationshave alsobeenperformedo examinethe effect of objectmotionand
finite exposuretime, Te, on anobjectwith significantedgegradientor anasymmetric
intensityprofile. It wasfoundthat,irrespectve of intensityprofile, the centroidof the
binarizedblurredimageis the centroidof the binarizedimagehalfway throughthe
exposureinterval, asderivedearlierin (3.47). It shouldbe notedin this casethatthe
centroidof the binary imagedoesnot correspondo the centroidof the objectif the
intensityprofileis asymmetric.

4.1.3.7 Summary

For accurataleterminatiorof distancewith a possiblyunfocusse@¢amerat is prefer
ableto usethedistancébetweercentroidf featuresatherthanthewidth of afeature.
The latter is significantly affected by variationin thresholdand illumination when
edgesarewide. Alexander[6] hasshaown, in the context of cameracalibration,that
spatialaliasingdueto imagesharpnessanin fact introducea small but systematic
errorin centroiddeterminationHe shavs how this maybe minimizedby introducing
diffractionblur. Giventhe pooredgeresponsef the lensusedin this work problems
dueto excessie imagesharpnessire not expectedto be significant. It canbe con-
cludedthatif centroidsof imagefeaturesareusedit is not necessaryo have a sharp
imagesincethe centroidestimatds unbiased.

4.1.4 Featuretracking

Softwarecomputationof imagemomentsis oneto two ordersof magnitudeslower
thanspecializechardware.However the computatiortime canbe greatlyreducedf
only asmallimagewindow, whoseocationis predictedrom the previouscentroid,is
processe(l77,92,99,108,212 274]. Thetaskof locatingfeaturesn sequentiabcenes
is relatively easysincetherewill beonly smallchange$rom onescenedo thenext [77,
193] andtotal scenénterpretatioris notrequired.Thisis the principle of verification
vision proposedy Bolles[34] in whichthe systemhasconsiderabl@rior knowledge
of thesceneandthe goalis to verify andrefinethe locationof oneor morefeatures
in the scene.Determiningtheinitial locationof featuresrequiresthe entireimageto
be searchedbut this needonly be doneonce. Papanikolopoulost al. [197] usea
sum-of-squaredifferencesapproacho matchfeaturesbetweenconsecutie frames.
Featuresrechoseron the basisof a confidenceneasurecomputedrom thefeature
window, andthe searchis performedin software. The TRIAX system[19] is an
extremely high-performancenultiprocessosystemfor low lateny six-dimensional
objecttracking. It candeterminethe poseof a cubeby searchingshortchecklines
normalto theexpectededgesf thecube.
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Whenthe softwarefeaturesearchis limited to only a smallwindow into the im-
age,it becomesmportantto know the expectedpositionof the featurein theimage.
This is the target tracking problem; the useof a filtering processo generatdarget
stateestimatesand predictionsbasedon noisy obsenationsof the target's position
anda dynamicmodelof thetarget's motion. Target maneuersaregeneratedy ac-
celerationcontrolsunknown to the tracker Kalata[141] introducestrackingfilters
anddiscusseshe similaritiesto Kalmanfiltering. Visualsernoing systemdave been
reportedusingtrackingfilters [8], Kalmanfilters [77,274], AR (autoregressve) or
ARX (autoregressve with exogenousnputs)models[91,124]. Papanikolopoulogt
al.[197]useanARMAX modelandconsideitrackingasthe designof asecond-order
controllerof imageplaneposition. Thedistanceo thetargetis assumeaonstanand
a numberof differentcontrollerssuchasPI, pole-assignmerand LQG are investi-
gated.For thecasewheretargetdistancas unknawn or time-varyingadaptve control
is proposed196]. Thepredictionusedfor searchwindow placementanalsobeused
to overcomeéateng in thevision systemandrobotcontroller

Dickmanns[77] andInoue[128] have built multiprocessoisystemsvhereeach
processois dedicatedo trackinga singledistinctive featurewithin theimage.More
recently Inoue[129] hasdemonstratethe useof a specialized/LSI motionestima-
tion device for fastfeaturetracking.

4.2 Perspectveand photogrammetry

Theperspectietransforminvolvedin imagingwasintroducedn Section3.2.4andthe
lensequationsn pixel coordinatess(3.66)and(3.67). Usinghomogeneousoordi-
natesthis non-lineartransformatiomrmay be expressedn linearform for an arbitrary
camerdocation.Using matrix representatiothe overall cameraransformationis:

] oo % o7[58 8 8] L[
yl=]0 a Y 0 . Ot Y| (@ass5)
> o o T oolloo —yr z

00 0 1 1

0x X-axisscalingfactorin pixels/mm(intrinsic)
ay Y-axisscalingfactorin pixels/mm(intrinsic)
Xo imageplaneoffsetin pixels(intrinsic)
Yo imageplaneoffsetin pixels(intrinsic)
f focallength(intrinsic)
OT. camergpositionin world coordinategextrinsic), seeFigure4.7.
The imageplanecoordinatesn pixels arethenexpressedn termsof homogeneous
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coordinatess

ix

X = z (4.56)
v _ Y
Y o= o (4.57)

in unitsof pixels.

Intrinsic parametergreinnatecharacteristicef the cameraandsensorwhile ex-
trinsic parametersrecharacteristicenly of the positionandorientationof the cam-
era. The principal pointis the intersectionof the optical axis andthe CCD sensor
plane,atpixel coordinategXo, Yo).

Therelevanttransformationsandcoordinateframesareshavn in Figure4.7.Tp
is the positionof the objectwith respecto thecameraOtherrelationshipsnclude

Tp = OTSTh (4.58)
Te = (°Te) " °Tp (4.59)

which allow (4.55)to bewritten compactlyas

5]
)

where C is the camea calibration matrix, a 3 x 4 homogeneousransformwhich
performsscaling,translationandperspectie. C representshe relationshipbetween
3-D world coordinatesndtheir correspondin@-D imagecoordinateasseenby the
computer

Equation(4.55)maybe expandedsymbolically With the inversecamergposition
transformrepresenteth directionvectorform ¢To = [ noa E] we canderive

(4.60)

P N< X

axnx f—Xon, cx>(0xff—xooz oxax f—Xoaz  axCx f—XoCr+Xo f

f—c, —C; —C; f-c;
C= ayny f=Yonz;  ayoyf—Yoo, oyay f-Yoaz oy f—YoCi+Yo f (4.61)
f—c; f—c; f—c; f—c; ’
_ e % _ & 1
f—c; f—c; f—c;

4.2.1 Close-rangephotogrammetry

Photogammetryis the scienceof obtaininginformation aboutphysicalobjectsvia
photographiémagesandis commonlyusedfor makingmapsfrom aerialphotographs
[282]. Close-rangeor terrestrial photogrammetrys concernedvith objectdistances
lessthan100m from the camera.Much nomenclaturdrom this disciplineis usedin
theliteraturerelatedto camerecalibrationand3D vision techniques.
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Figure4.7: Relevantcoordinatérames.

A metric cameras purposebuilt for photogrammetriziseandis both stableand
calibrated. The calibrationparametersnclude the focal length, lens distortion, and
the coordinate®f the principal point. A metric camerahasfiducial markswhich are
recordedbn thephotograplsuchthatlinesjoining oppositefiducial marksintersectat
theprincipalpoint.

A nonmetriccamerais one manufacturedor photographicuse, where picture
quality, not geometry is important. Nonmetriccamerascan be calibratedand used
for lessdemandinghotogrammetriapplicationssuchasmachinevision.

4.2.2 Cameracalibration techniques

Cameracalibrationis the processof determiningthe internal camerageometricand
optical characteristicgintrinsic parametersandthe 3-D position and orientationof
thecamerdramerelative to a certainworld coordinatesystem(extrinsic parameters).
Frequentlyit is usefulto empirically determinethe cameracalibrationmatrix which
relatesa world coordinatesystemto the image plane coordinate427] for a given
camergositionandorientation.

The importantcharacteristic®f a numberof calibrationtechniquesare summa-
rizedin Table4.1. They differin their ability to calibratelensdistortion,andthetype
of calibrationtamget required. Chartswith coplanarpoints canbe generatectorve-
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Figure4.8: The SHAPE calibrationtarget usedfor intrinsic parametedetermi-
nation. The surfaceis brushedaluminiumwith black markerdotsat accurately
known locationson thetwo surfaces.
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Method Tamettype Distortion
Coplanar| Non-coplanar
Classicnonlinear . .
Homogeneousansform °
2 planes
2 stage

Table4.1: Comparisorof the majorfeaturef differentcamerecalibrationtechniques.

niently andaccurately usinga laserprinter. Circular marksare frequentlyusedfor

centroiddeterminatiorbut errorswill beintroducedf thesearenot viewedalongthe

surfacenormal. In thatcase asshawvn earlierin Figure4.3,the centroidof theimage
(whichwill beanellipse)will not correspondvith the centroidof the marker This

effect canbe minimizedby keepingthe mark sizesmall (imagesizeof a few pixels),

usinga crossshapedarget, or usingthe cornersof rectangulamarkers.Calibration
usingnon-coplanapointsrequiresa mechanicallycomplex calibrationframesuchas
thatshavn in Figure4.8, or motion of arobotto positiona calibrationmarkwith re-

spectto thecameraExperimentzonductedisingtherobotresultedn largeresiduals
andthisis suspectedo be dueto low positioningaccurag. The next sectionsriefly

describahedifferentapproache® cameracalibrationandpresensomeexperimental
results.

4.2.2.1 Classicalnon-linear approach

Techniquesn this cateyory have beendevelopedin the photogrammetricommunity
and are amongstthe oldestpublishedreferenceg87,239,282,283]. The camerais
describedby a detailedmodel, with in somecasesup to 18 parametersNon-linear
optimizationtechniquesisethe calibrationdatato iteratively adjustthemodelparam-
eters.

4.2.2.2 Homogeneougransformation approach

Approachedasedn thehomogeneousansformatiorj27,243] allow directestima-
tion of the calibrationmatrix C in (4.60). Theelementf this matrix arecomposites
of the intrinsic and extrinsic parameters.Lens distortion cannotbe representedn
linear homogeneousquationsput this canbe correctedn a separateomputational
step.

Expandingequationg4.60)-(4.57we maywrite

C11X+C12y+Ci13z+ Cra— Ca1'Xx— Cap' Xy — Ca3' Xz— Ca4 X = 0 (4.62)

1Lessthan1%scaleerrormeasuredh the paperfeeddirection.
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plane 1

ﬁ& |

Calibration Calibration
plane 1 plane 2

Figure4.9: Thetwo-planecameramodel.

Co1x+ Caoy + Coaz+ Coa— Ca1'Yx— Ca2' Yy — Ca3'Yz— Ca4Y = 0 (4.63)

which relateanobseredimagecoordinate('X,'Y) to aworld coordinate(x, y, z). For
n obsenationsthis maybeexpressedn matrix form asa homogeneousquation

X1 Y1 71 1 0 0 0 O —i_X]_X]_ —i_X]_y]_ —iX]_Z]_

0 0 0 0 xq Yi 71 1 —'Y]_X]_ —'Y]_y]_ —iY]_Z]_ Cu1

Ci2

X Yo Znon 0 0 0 0 —XXa —Xayn =Xz ||
0 0 0 0O X1 ¥n zn N —Yaxa —'Yo¥n —'Vazm 3
ixl
in

(4.64)

%,

IYn
A non-trivial solutioncanonly be obtainedo within a scalefactorandby corvention
Cs4 is setequalto 1. Equation(4.64) has11 unknovnsandfor solutionrequiresat
least5.5 obsenations(pairsof ('X,'Y) and (x,y,z) of non-coplanapointsfor solu-
tion?. This systemof equationswill generallybe over determinedanda leastsquares
solutionmay be obtainedusinga techniquesuchassingularvaluedecomposition.

2Coplanampointsresultin theleft-handmatrix of (4.64)becomingrankdeficient.
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4.2.2.3 Two-planecalibration

The homogeneousransformapproachis basedon the pinhole cameramodel, and
cannotbe readily extendedto dealwith lensdistortions.Thetwo planeapproactas
beensuggested180] to overcomethis limitation. As shawvn in Figure4.9,aline in
spaces definedby a point on eachof two calibrationplanesgivenby

X
y | = AXTIXTY Ly iy )T (4.65)

Z 1k

whereAy is the interpolationmatrix for calibrationplanek. The two planemethod
allowsfor rapidcomputatiorof inverseperspectie, thatis, 3D linesfrom imageplane
points. Theline is obtainedby interpolatingthe 3D world coordinatecorresponding
to theimageplanecoordinatefor the two calibrationplanes.

Theinterpolatiormatrixfor eachplanemaybedeterminedy placingatestpattern
containingan array of dotsat a known distancefrom the camera.The orderof the
interpolationshouldbe choserto balancecomputatiortime, accurag andstability —
in practiceseconcbr third orderis sufiicient[130]. Theinterpolatiormatriximplicitly
correctdor lensdistortion.

4.2.2.4 Two-stagecalibration

Thetwo-stagecalibrationschemenf Tsai[252] canbe usedto determingheintrinsic
andextrinsic camergparameterérom a singleview of a planarcalibrationtarget. It
relieson the so-called radialalignmentconstraint'which embodieghefact thatlens
distortionactsalongradiallinesfrom theprincipalpoint. Thealgorithmis moderately
comple, but is claimedto executevery quickly. It doesrequireprior knowledgeof
thedigitizerto cameraclockratio, 3, andthepixel scalingfactorsoy anday, aswell as
thecoordinate®f the principalpoint. Tsaiconsiderghis latterparameteunimportant
andsetsit arbitrarily to the coordinateof the centerof theframestore As foundlater,
theprincipalpoint for this cameraanddigitizeris somedistancerom the center

Considerabldifficulty was experiencedusing Tsai's method,and in particular
it proved to very sensitve to slight changesdn the parameteiy and principal point
coordinate. Anecdotalevidencefrom otherresearcherand also[210] suggesthat
this experiences not uncommon.One possiblereasorfor the difficulty encountered
is thatthe lens hasinsufficient radial distortion, thoughthis would be surprisingfor
suchashortfocallengthlens.

4.2.2.5 Decomposinghe cameracalibration matrix

The homogeneousameracalibrationmatrix, C, containsinformationaboutthe po-
sition of the camerawith respecto the world coordinateframe,aswell asintrinsic
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parametersf the camera.Determiningthe extrinsic parameterss alsoreferredto as
thecamea locationdeterminatiorproblem

Theline of sightof thecameran world coordinateganbedeterminedisfollows.
For agivenimageplanepoint ('X,'Y) we canwrite

(C11— "XCa1)X+ (C12— 'XCz2)y+ (C13— 'XCg1)z= XCg4— Ci4 (4.66)
(C21—"YCg1)X+ (Co2—'YCg2)y+ (Coz—'YC31)z='"YCaa— C4 (4.67)

which arethe equationf two planesin world space pnevertical correspondingo

constantX in theimageplane,andone horizontal. The intersectiorof theseplanes
is theline in 3D spacethatis mappedo thatimageplanepoint®. A directionvector
parallelto thisintersectiorine is foundvia crossproduct

X y z
(C11—"'XCz1) (C12—'XCz2) (Ci3—'XCay) (4.68)
(Co1—'YCa1) (Co2—'YC32) (Co3—'YCay)

Substituting'X = Xg and'Y =Y, gives a direction vector parallel to the cameras
optical axis. However X andYy areintrinsic calibrationparameterand cannotbe
assumedo bethe centerof thesensingarray[169].

Alternatively the lenslaw singularity may be usedto definethe cameras focal
planethatis z= f. Thefocal planeis givenby

C31X+ C32y—|— C33z=0 (4.69)
andthe cameraaxisdirectionvectoris normalto this plane parallelto thevector
Ca1X+ C32)7 +C3z32 (4.70)

Strat[242] extendsthe approaclof (4.69)to alsodeterminecamergpositionandroll
aboutthe opticalaxis.

The calibrationmatrix, C, encodeshe 6 extrinsic parametefsand5 intrinsic pa-
rameters:f, ay, oy, Xo andYp. However it is not possibleto uniquelydetermineall
theintrinsic parametersonly the productsfox and fa,®. This leaves 10 parameters
to be determinedrom 11 elementsof the cameracalibrationmatrix which is over
determined]eadingto difficultiesin solution. Ganapathy97] describesa sophisti-
catedprocedurdor determiningthe intrinsic andextrinsic parameter®y introducing
anothemparameterd, a quality measuren unitsof degreeswhichis ideally zero. This
is interpretedas error in the orthogonalityof the imageplaneX andY axes. The
approachs robustto inaccuraciesn the calibrationmatrix.

3Equationg4.66)and(4.67)represeng equationsn 3 unknowns. Fromtwo cameraviews of the same
point, we arethenableto solvefor the 3D locationof the point— the basisof stereovision.

43D positionvectorand3 anglesfor camergpose.

SFromthe symbolicexpansiorof (4.61)it canbe seerthatonly the productsf ay and fay appear
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Givenanumericalvaluefor C it is alsopossibleusinggradientsearchtechniques
to find the valuesof theintrinsic andextrinsic parametersln practicethis approachs
foundto be quite sensitve to choiceof initial valuesandcansettlein local minima.

4.2.2.6 Experimental results

Four imagesof the SHAPE calibrationtarget, shavn in Figure4.8, weretakenfrom
differentviewpoints.Eachtime thefocusandaperturevereadjustedor imagesharp-
nessandbrightness.The centroidof eachmarkerwasdeterminedo sub-pixel preci-
sionby computinganintensityweightedaverageof pixel coordinatesn theregion of
themarker As shavn in Figure4.10theintensityprofile of amarkeris abroadflat hill
not a stepfunction,andthis would be expectedfrom the earlierdiscussiorregarding
imageMTF. Thecentroiddeterminatiorproceduraisedis asfollows:

1. An imagedisplay utility wasusedto manuallydeterminethelocationof each
markto within +5 pixels. Thetargetwasdifficult to light evenly dueto its com-
plex shapemakingit infeasibleto automaticallyandrobustly find the markers.

2. Thelowesf intensitypixel within a 10 x 10 region of eachmanuallyselected
pointwaslocated.This pointwill bereferredto asthecenterpoint (x, yc).

3. The averagebackgroundntensity I,,, wascomputedrom the intensityat the
four cornersof a squarewvindow aboutthe centerpoint.

4. Averagebackgroundntensitywassubtractedrom all pixelsin the region and
theweightedaveragecoordinatesomputed

555 i(lij—lp)

ZiZj (lij—lv) @7
g — ZiZi i(lij—lo)
RSN (TR 4.72)

A programwaswritten to automateheseastthreesteps.

Using known 3D markerlocationandthe correspondingmageplanecoordinates
the calibrationmatrix wascomputeddy solving (4.64)usingsingularvaluedecompo-
sition. Theresultingmatrix wasthendecomposedsingGanapathys methodandthe
resultsare summarizedn Table4.2. Residualis the maximumresidualafter substi-
tuting the calibrationmatrix parameterbsackinto (4.64). 0 is the quality factordeter
minedby Ganapathys algorithmandshouldideally be zero. Theremainingcolumns
shaw intrinsic parameterslerived by Ganapathys method.Thereis somevariationin
theprincipalpointcoordinateandalsothescalefactors.Howevertheratio of thescale

8The calibrationmarkswereblackonwhite.
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10

10

Figure4.10: Contourplot of intensityprofile arounda typical calibrationmarker
Dueto overall MTF theedgef themarkerdot arenot sharp.

Trial | Residual o Xo Yo oy f ayf Oy/ Oy
(pixel) (deg) | (pixel) | (pixel) | (pixel) | (pixel)

1 0.552| -0.0277| 270.1| 213.7| 625.7| 948.9| 1.52

2 0.898| 0.0672| 271.4| 223.1| 614.0| 933.0| 1.52

3 0.605| 0.0685| 278.0| 205.6| 617.3| 938.2| 1.52

4 0.639| -0.1198| 275.8| 196.8| 616.8| 939.2| 1.52
mean 273.8| 209.8| 615.5| 939.8

o 3.2 9.7 5.0 6.6

Table4.2: Summaryof calibrationexperimentresults.

factorsis constaniat 1.52 which is alsothe valuedeterminedn Section3.5.3. Using
thepixel scalefactordatafrom Table3.8thefocal lengthis estimatecis7.8mm. This
is maginally lowerthan8 mm, thenominalfocallengthof thelens,but within the 4%
toleranceof ANSI StandardPH3.13-1958Focal Length Marking of Lenses”. The
Y-coordinateof the principal point is foundto be well above the centerof the pixel
array This effect could be explainedby the placemenbf the CCD sensowithin the
cameraattheappropriatgointfor anRS170ratherthanCCIR image.
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Mary researcherhave obsered extremesensitvity in the cameracalibrationto
changesn focusandaperturesetting.Changeén thesesettingscausdenselementso
rotate,which compoundedvith asymmetrieén thelensalterthe scalingandposition
of theimage.This mayaccounfor someof the variationobsered sincethelenswas
re-adjustedor eachtrial.

The procedurepresenteds not capableof explicitly modelling geometriclens
distortion,andits effect will introduceerrorsinto the othercameraparametersAn
experimentwasconductedn which anarrayof dots,evenly spacedacrosshefield of
view, wasimagedandtheir centroidscomputed.The magnitudeof centroiddeviation
from theline of bestfit waslessthanonepixel with the largesterrorsoccurringat the
edgeof thefield of view.

4.2.3 Eye-handcalibration

Roboteye to handcalibrationis the procesf determiningthe fixed transformation
betweerthe gripperandthecameracoordinatesystem A numberof approachebave
beendescribedn theliterature[132,233,253]. Generallythey involve therobotmak-
ing anumberof mavesandmeasuringhechangen imageplanecoordinatesf afixed
target. A fairly complex algorithmis thenappliedto determinghe cameraransform.
Tsai's method[253] againrelieson useof the planarcalibrationtarget,andgiventhe
difficultiesabove, wasnottried.

A morepragmaticapproachs to determinethe transformfrom the known geom-
etry of the camerayobot wrist andlens,as shavn in Figure4.11. The location of
the CCD sensoiplanewithin thecameras notdirectly measurableHowever thelens
manufactures datashawvs thatthefocal point of thelensis 17.5mm behindthe mat-
ing surface andthe planeof anequialentsimplelenswill belocatedthefocallength
in front of that, seeFigure4.12. Fromthis datathe distanced, canbe inferredas
20.0mm.

The coordinateframeof the camerais alsoshown in Figure4.11. The X-axis is
out of thepage.Thetransformcanbe expressedn termsof elementaryotationsand
translationsas

1 0 0 0
o 0 0 1 20

Te=Tz(d) Rx(=90")Tz(d2) = | 5 1 o 171 (4.73)
0 0 0 1

A lenssuchasthis, in which the lensplaneis not within the body of the lens,andcloseto theimage
plane,is referredto asaretrofocudens.



148 Machine vision

‘ 29.5 60
P ———————
. |
Pulnix camera ! !
‘ dz | |
! | |
Ze .
21 optical axis
26.5
oy T/ E— — o _— — —_— - o
T
| Yo ! |
38 | Lens plane Cosmicar lens (C814)
| - o e T
dl %

Camera adaptor

6 \
56.25 TCAM\ Puma wrist flange

Puma wrist
J \

[ center of wrist (T6 point)
[
[

Figure4.11:Detailsof cameranounting(notto scale dimensionsn mm). Robot
wristis in thezeroanglepose.
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Figure4.12: Detailsof cameralensandsensoplacement.
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Chapter 5

Visual sewvoing*

With this chapterwe startthe discussionaboutvisual serwing, thatis, how visual
featuresmay be usedto guidea robot manipulatoror mechanism.The reporteduse
of visualinformationto guiderobots,or moregenerallymechanismss quite exten-
sive andencompasseapplicationsasdiverseasmanufacturingteleoperationmissile
tracking camerasandfruit picking aswell asrobotic ping-pong,juggling, catching
andbalancing.

Section5.1 introducesthe topic of visual serwing and introducesa consistent
terminologythatwill be employedthroughoutallowing discussiorof papersdespite
the differentnomenclatureisedby the authors. The sectionalsointroduceshe two
well known approacheto visual serwing: position-base@ndimage-basedA more
formaltreatmenbf thefundamentalss givenby Hageretal.[103].

Themajority of prior work concentratesnthe'classical'issuesn visualsenoing,
referredto in [52] asvisual servokinematics This is concernedvith the kinematic
relationshipbetweerobjectpose robotposeandimageplanefeaturesvithoutregard
to dynamiceffects. However control stratgiesbasedpurely on kinematicconsidera-
tionsareonly adequatdor low-performancepplications Msual servodynamicson
the otherhand,is concernedvith the dynamicsor motion of the visual seno system
andissuessuchasstability, settlingtime andtrackinglags. This chapterconcentrates
largely onkinematicissueswhile thefollowing chaptersaddresslynamicsmodelling
andcontrol.

Section5.2 provides a comprehense review of prior work on the topic of vi-
sualsenoing. Sections5.3 and5.4 discussrespectiely the detailsof position-and
image-basetkchnigues Miscellaneousssuegelatingto implementatiorandarchi-

*An early versionof this chapterwas publishedas [59] “Visual control of robot manipulators— a
review” in K. Hashimoto,editor, Visual Servoing volume 7 of Roboticsand AutomatedSystemspages
1-31.World Scientific,1993.
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Figure5.1: Relevantcoordinatérames;world, end-efector, cameraandtamget.

tecturesarereviewedin Section5.5. Necessarilywith this structurethe work of some
researcherwill bereferredto severaltimes,but in differentcontexts.

5.1 Fundamentals

Thetaskin visualsenoingis to controlthe poseof therobot'send-efector, x4, using
visualinformation,features extractedfrom theimage. Poseyx, is representedy a
six elementvectorencodingpositionandorientationin 3D space.The cameramay
befixed,or mountedon therobot'send-efectorin which casethereexists a constant
relationship,!8x., betweenthe poseof the cameraand the poseof the end-efector.
Theimageof thetargef is afunctionof the relative posebetweerthe cameraandthe
target,°x . Therelationshipbetweertheseposess shovnin Figure5.1. Thedistance
betweerthe cameraandtamgetis frequentlyreferredto asdepthor range
Thecameracontainsalenswhichformsa 2D projectionof thesceneontheimage
planewherethe sensoiis located. This projectioncauseglirect depthinformationto
be lost, andeachpoint on the imageplanecorrespondso a ray in 3D space.Some
additionalinformationis neededo determinethe 3D coordinatecorrespondingo an
imageplanepoint. This informationmay comefrom multiple views, or knowledgeof
thegeometricrelationshipbetweerseveralfeaturepointson thetarget.

2Thetaskcanalsobedefinedfor mobilerobots,whereit becomeshe control of the vehicle's posewith
respecto somelandmarks.
3Thewordtargetwill beusedto referto theobjectof interestthatis, the objectwhich will betracked.
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An imagefeatuie, Sectiond.1,is a scalaror vectorquantityderivedfrom somevi-
sualfeatureor featuresn theimage.Commonlythe coordinateof someeasilydistin-
guishablegpoint, or aregion centroidis used.A feature vector, f, is aonedimensional
vectorcontainingfeatureinformationasdescribedibove. A goodvisualfeatureis one
thatcanbelocatedunambiguouslyn differentviews of the scenesuchasa holein a
gaske{91,92] oracontrivedpattern71,211]. Theimageplanecoordinate®f threeor
morevisualfeaturescanbe usedto determinehe pose(not necessarilyiniquely see
Section5.3.1)of thetargetrelative to the cameragiven knowledgeof the geometric
relationshipbetweerthefeaturepoints.

Robotstypically have 6 degreesof freedom(DOF), allowing the end-efectorto
achieve, within limits, arny posein 3D space.Visual serwing systemanay control 6
or fewer DOF. Planarpositioninginvolvesonly 2-DOF controlandmay be sufficient
for someapplications Motion soasto keeponepointin the scenethe interestpoint,
atthesameocationin theimageplaneis referredto asfixation Animalsusefixation
to directthe high resolutionfoveaof the eye toward regionsof interestin the scene.
In humansthis low-level, unconsciousfixation motionis controlledby the brain's
medullaregion usingvisualfeedbackirom theretina[5]. Keepingthetargetcentred
in thefield of view hasa numberof advantageshatinclude:

e eliminatingmotionblur sincethetargetis not moving with respecto the cam-
era;

¢ reducingthe effect of geometricdistortionin the lens by keepingthe optical
axispointedatthetarget;

¢ minimizing the effect of the co$ termin (3.12) sincethe angleconcerneds
closeto zero.

Fixationmaybeachievedby controllingthepan/tiltanglesof thecamerdike ahuman
eye, or by moving thecameran aplanenormalto the opticalaxis. High performance
fixation controlis animportantcomponenbf mary actie vision stratgies.

In 1980SandersoandWeisg[223]introducedcanimportantclassificatiorof visual
seno structuresandtheseareshavn schematicallyn Figures5.2to 5.5. In position-
basedcontrol, featuresare extractedfrom theimageandusedin conjunctionwith a
geometricmodelof thetamgetto determinethe poseof the targetwith respecto the
camera. In image-basederwing the last stepis omitted, and senoing is doneon
the basisof imagefeaturedirectly. The structuregeferredto asdynamiclook and
movemakeuseof joint feedbackwhereaghe PBVSandIBVS structuresisenojoint
positioninformationatall. It is importantto notethatalmostnoneof thevisualseno
systemgreportedin the literatueare 'visual seno' systemsaccordingto the Weiss
taxonomybut ratherareof the'dynamiclook andmove' structure However theterm
'visualserwing' is widely usedfor ary systemthat usesa machinevision systemto
closea position-contrbloop.
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Figure5.2: Dynamicposition-basetbok-and-maee structure.
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Figure5.3: Dynamicimage-basetbok-and-maee structure.

Theimage-basedpproachmay reducecomputationatielay eliminatethe neces-
sity for imageinterpretatiorandeliminateerrorsin sensomodellingandcamerecal-
ibration. However it doespresenasignificantchallengdo controllerdesignsincethe
plantis non-linearandhighly coupled.

5.2 Prior work

This sectionsummarizegsesearchand applicationsof visual serwing, from the pi-
oneeringwork of the early 1970sto the presentday The discussionis generally
chronological but relatedapplicationsor approachesvill be groupedtogether The
reportedapplicationsarequiteextensve, encompassinganufacturingteleoperation,
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Figure5.4: Position-basedisualseno (PBVS)structureasperWeiss.
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Figure5.5: Image-basedgisualseno (IBVS) structureasperWeiss.

missiletrackingcamerasndfruit picking aswell asroboticping-pongjuggling, and
balancing.Dueto technologicalimitations of the time someof the significantearly
work fails to meetthe strict definition of visualserwing givenearlier andwould now
be classedslook-then-moveobotcontrol. Progressiashowever beenrapid,andby
the end of the 1970ssystemshad beendemonstratedavhich were capableof 10Hz
senwing and 3D position control for tracking, seamwelding and graspingmaving
tamgets.

Oneof the earliestreferencess by Shiraiandinoue[232] in 1973who describe
how a visualfeedbacKoop canbe usedto correctthe positionof a robotto increase
taskaccurag. A systemis describedvhich allows a robotto graspa squareprism
andplaceit in a box usingvisualsenoing. Edgeextractionandline fitting areused
to determinghe positionandorientationof thebox. The cameras fixed,anda seno



156 Visual servoing

cycle time of 10sis reported.

Considerablavork on the useof visual serwing was conductedat SRI Interna-
tional duringthe late 1970s. Early work [215,216] describeghe useof visual feed-
backfor bolt-insertionandpicking moving partsfrom a corveyor. Hill andPark[116]
describevisual senoing of a Unimaterobotin 1979. Binary image processings
usedfor speedandreliability, providing planarpositionaswell assimpledepthes-
timation basedon the apparentlistancebetweerknown features.Experimentsvere
alsoconductedisinga projectedight stripeto provide morerobustdepthdetermina-
tion aswell assurfaceorientation. Theseexperimentsdemonstrategllanarand 3D
visually-guidedmotion, aswell astrackingandgraspingof moving parts. They also
investigatedsomeof the dynamicissuesnvolvedin closed-looprisualcontrol. Simi-
lar work on a Unimate-basedisual-sere systemis discussedaterby Makhlin [179].
Prajoux[207] demonstratedisual serwing of a 2-DOF mechanisnfor following a
swinginghook. The systemuseda predictorto estimatethe future position of the
hook, andachieved settlingtimesof the orderof 1s. CoulonandNougaref{68] ad-
dresssimilarissuesandalsoprovide a detailedmagingmodelfor thevidicon sensors
memoryeffect. They describea digital video processingystemfor determiningthe
locationof onetargetwithin aprocessingvindow, andusethisinformationfor closed-
loop positioncontrolof an XY mechanisnto achieve a settlingtime of around0.2sto
astepdemand.

Simplehand-heldight stripersof thetype proposedy Agin [3] have beenusedn
planarapplicationssuchasconnectomlcquisition[187], weld seantracking[49], and
sealant@pplication[227]. Thelastlays a beadat 400mm/swith respecto a moving
carbody, andshaws a closed-loopbandwidthof 4.5Hz. More recentlyVenkatesan
and Archibald [258] describethe use of two hand-heldaserscannerdor real-time
5-DOFrobotcontrol.

Gilbert[101] describesnautomatiaocket-trackingcamerawvhich keepsthe tar-
get centredin the cameras image planeby meansof pan/tilt controls. The system
usesvideo-rateimageprocessindiardwareo identify the targetandupdatethe cam-
eraorientationat 60Hz. Dzialo andSchalkof [81] discusghe effectsof perspectie
onthecontrolof a pan-tilt camereheadfor tracking.

Weiss[273] proposedhe useof adaptve controlfor the non-lineartime varying
relationshipbetweenobotposeandimagefeaturesn image-basedenoing. Detailed
simulationsof image-basegisual serwing aredescribedor a variety of manipulator
structureof up to 3-DOF

Weberand Hollis [271] developeda high-bandwidthplanarposition controlled
micro-manipulatar It is requiredto counterroom androbot motor vibration effects
with respecto theworkpiecen aprecisionmanufacturingask.Correlations usedto
trackworkpiecetexture. To achieve ahigh samplerateof 300Hz, yet maintainresolu-
tion, two orthogonalinear CCDsareusedto obsere projectionsof theimage.Since
thesampleateis hightheimageshift betweersampless smallwhichreduceshesize
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of the correlationwindow neededImageprojectionsarealsousedby Kabuka[137].
Fourier phasedifferencesn the vertical and horizontalbinary imageprojectionsare
usedfor centeringa targetin the imageplaneanddeterminingits rotation. This is
appliedto the control of a two-axiscameraplatform [137] which takes30s to settle
on atarmget. An extensionto this approact139] usesadaptve controltechniquego
minimize performanceandiceson grey-scaleprojections. The approachs presented
generallybut with simulationgfor planarpositioningonly.

An applicationto roadvehicle guidances describedoy Dickmanns[76]. Real-
time featuretrackingandgazecontrolledcameragjuidea 5tonneexperimentalroad
vehicle at speedsof up to 96km/h along a testtrack. Later work by Dickmanns
[78] investigateghe applicationof dynamicvision to aircraft landing. Control of
underwaterobotsusingvisual referencgpointshasbeenproposedy Negahdaripour
andFox [191].

Visually guidedmachineshave beenbuilt to emulatehumanskills at ping-pong
[17,88],juggling[212], invertedpendulumbalancing13,76], catching41,220],and
controllinga labyrinthgame[13]. Thelatteris a woodenboardmountedon gimbals
onwhich aball bearingrolls, the aim beingto move the ball througha mazeandnot
fall into ahole. Theping-pongplayingrobot[17] doesnot usevisualsenoing, rather
amodelof theball'strajectoryis built andinputto a dynamicpathplanningalgorithm
which attemptdo striketheball.

Visual serwing hasalsobeenproposedor catchingflying objectson Earthor in
space Bukowski et al. [39] reportthe useof a Puma560to catcha ball with anend-
effectormountednet. Therobotis guidedby afixed-cameratereo-visiorsystemand
a 386 PC.Skoftelandet al. [237] discusscaptureof a free-flyingpolyhedronin space
with avisionguidedrobot. Skaaretal. [236] useasanexamplea 1-DOFrobotto catch
aball. Lin etal. [171] proposea two-stagealgorithmfor catchingmaving tamets;
coarsepositioningto approachhe targetin nearminimum time and'fine tuning' to
matchrobotacceleratiorandvelocity with thetarget.

Therehave beenseveralreportsof the useof visual senoing for graspingmaoving
targets.The earliestwork appearso have beenat SRI1in 1978[216]. RecentlyZhang
etal. [290] presentec trackingcontrollerfor visually serwing a robotto pick items
from afastmoving corveyor belt (300mmy/s). Thecameras hand-heldandthevisual
updateinterval usedis 140ms Allen et al. [8] usea 60Hz fixed-cameratereovision
systemto trackatargetmoving at 250mmy/s. Laterwork [7] extendsthis to grasping
atoy train moving on a circulartrack. Houshang[124] usesa fixedoverheadcamera
anda visualsampleinterval of 196msto enablea Puma600robotto graspa moving
tamget.

Fruit pickingis anon-manufacturingpplicatiorof visuallyguidedgraspingvhere
the target may be moving. Harrell [108] describesa hydraulic fruit-picking robot
which usesvisual senoing to control 2-DOF as the robot reachegoward the fruit
prior to picking. The visualinformationis augmentedy ultrasonicsensorgo de-
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terminedistanceduring the final phaseof fruit grasping. The visual serwo gainsare
continuouslyadjustedo accountfor changingcameraarmetdistance.Thislastpoint
is significantbut mentionedy few authorg62,81].

Part mating hasalso beeninvestigatedusing visual sernoing. Geschkdg99] de-
scribeda bolt-insertiontask using stereovision and a Stanfordarm. The system
featuresautomatedhresholdsetting,softwareimagefeaturesearchingat 10Hz, and
settingof positionloop gainsaccordingto the visual samplerate. Stereovision is
achieved with a singlecameraanda novel mirror arrangementAhluwalia and Fog-
well [4] describea systemfor matingtwo parts,eachheld by a robotandobsered
by afixed camera.Only 2-DOFfor the matingarecontrolledanda Jacobiarapprox-
imation is usedto relateimage-planecorrectionsto robotjoint-spaceactions. On a
larger scale visually sernoedrobotshase beenproposedor aircraftrefuelling [163]
anddemonstratetbr matinganumbilical connectotto the US SpaceShuttlefrom its
servicegantry[71].

Theimage-basedeno approacthasbeeninvestigatedxperimentallyby a num-
ber of researcherdyut unlike Weissthey useclosed-loopjoint control asshowvn in
Figure5.3. Feddemdg90-92] usesan explicit feature-spacerajectorygeneratoiand
closed-loogoint controlto overcomeproblemsdueto low visual samplingrate. Ex-
perimentalwork demonstratemage-basedisual serwing for 4-DOFE Riveset al.
[48,211] describea similar approactusingthe taskfunctionmethod[222] andshawv
experimentalresultsfor robot positioningusing a target with four circle features.
Hashimotoet al. [111] presentsimulationsto compareposition-basednd image-
basedapproachesExperimentswith a visual seno interval of 250ms demonstrate
image-basedenoing of a Puma560trackingatagetmaving in acircle at30mm/s.
Janget al. [134] describea generalizedhpproacho serwing on imagefeatureswith
trajectoriesspecifiedn featurespaceleadingto trajectorieqtasks)thatareindepen-
dentof targetgeometry

WestmoreandWilson[274] demonstrat8-DOFplanartrackingandachie/e aset-
tling time of around0.5sto a stepinput. Thisis extended269] to full 3D targetpose
determinatiorusingextendedKalmanfiltering andthento 3D closed-loogrobotpose
control[280]. Papanikolopoulogtal. [197] demonstratérackingof atargetundego-
ing planarmotionwith the CMU DD-II robotsystem.Laterwork [198] demonstrates
3D trackingof staticandmoving targets,andadaptve controlis usedto estimatethe
targetdistance.

Theuseof visualserwingin ateleroboticernvironmenthasbeendiscussethy Yuan
et al. [289], Papanikolopoulo®t al. [198] and Tendicket al. [249]. Visual serwing
canallow the taskto be specifiedby the humanoperatorin termsof selectedvisual
featuresandtheir desiredconfiguration.

Approacheshasedon neural networks[110,158,183] and generallearning al-
gorithms[185] have alsobeenusedto achieze robothand-ge coordination.A fixed
camerabsenresobjectsandtherobotwithin theworkspacendcanlearntherelation-
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ship betweerrobotjoint anglesandthe 3D end-efector pose. Suchsystemgequire
training, but the needfor comple analyticrelationshipbetweerimagefeaturesand
joint angless eliminated.

5.3 Position-basedvisual servoing

A broaddefinition of position-basederwing will be adoptedthatincludesmethods
basedon analysisof 2D featuresor directposedeterminatiorusing3D sensorsThe
simplestform of visual senoing involvesrobot motionin a planeorthogonalo the
opticalaxis of the cameraandcanbe usedfor trackingplanarmotionsuchasa con-
veyor belt. However taskssuchasgraspingand part matingrequirecontrol over the
relative distanceandorientationof thetarget.

Humansusea variety of vision-basedepthcuesincluding texture, perspectie,
stereodisparity parallax,occlusionand shading. For a moving obsenrer, apparent
motion of featuress animportantdepthcue. The useof multiple cues,selectedac-
cordingto visual circumstancehelpsto resole ambiguity Approachesuitablefor
computervision are reviewed by Jarvis[136]. However non-anthropomorphkiap-
proachedo sensingmay offer someadwantages Active rangesensorsfor example,
projecta controlledenegy beam,generallyultrasonicor optical, and detectthe re-
flectedenegy. Commonlya patternof light is projectedon the scenewhich a vision
systeminterpretdo determinedepthandorientationof the surface Suchsensorsisu-
ally determinedepthalonga singlestripeof light, multiple stripesor a densegrid of
points. If the sensoiis smallandmountedon therobot[3, 79,258] the depthand ori-
entationinformationcanbe usedfor serwing. The operationandcapabilityof mary
commerciallyavailableactive rangesensoraresuneyedin [33,45].

In contrastpassie techniquesely only on obsenration underambientillumina-
tion to determinethe depthor poseof the object. Someapproachegelevantto visual
senoing will bediscussedn thefollowing sections.

5.3.1 Photogrammetric techniques

Close-rangghotogrammetryintroducedin Section4.2.1,is highly relevantto the
taskof determiningherelative poseof atarget. In orderto determineghe 3D relative
poseof anobject,®x, from 2D imageplanecoordinatesf, someadditionalinforma-
tion is neededThis dataincludesknowledgeof therelationshipbetweertheobsered
featurepoints (perhapsrom a CAD model)andalsothe cameras intrinsic parame-
ters. It canbe shown that at leastthreefeaturepointsare neededo solve for pose.
Intuitively, the coordinateof eachfeaturepoint yields two equationsand six equa-
tionsareneededo solve for the six elementf the posevector In factthreefeature
pointswill yield multiple solutions,but four coplanarpointsyield a uniquesolution.
Analytic solutionsfor threeandfour pointsaregivenby FischlerandBolles[93] and
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Ganapathy{97]. Unique solutionsexist for four coplanay but not collineat points
(evenfor partially known intrinsic parameters)97]. Six or morepointsalwaysyield
uniquesolutions aswell astheintrinsic camerecalibrationparameters.

Yuan [288] describesa generaliterative solutionindependenbf the numberor
distribution of featurepoints. For trackingmaving targetsthe previous solutioncan
be usedastheinitial estimatefor iteration. WangandWilson [269] usean extended
Kalmanfilter to updatethe poseestimategiven measuredmageplanefeatureloca-
tions. Thefilter corvergenceis analogougo theiterative solution.

Oncethetamget poserelative to the cameras determinedit is thennecessaryo
determinghetargetposerelative to the robot's end-efector. This requiresroboteye-
handcalibrationasdiscussedn Sectiorn4.2.3.

Thecommonlyciteddravbacksof thephotogrammetriepproactarethecomple
computationandthenecessitfor camerecalibrationanda modelof thetarget. None
of theseobjectionsareoverwhelming,andsystemsasedn this principle have been
demonstratedsingiteration[289], Kalmanfiltering [274], andanalyticsolution[98].

5.3.2 Stereovision

Stereovision [285] is the interpretatiorof two views of the scenetakenfrom known
differentviewpointsin orderto resohe depthambiguity Thelocationof featurepoints
in oneview mustbematchedwith thelocationof the samefeaturepointsin the other
view. This matchingor correspondenc@roblemis nottrivial andis subjectto error.
Anotherdifficulty is themissingpartsproblemwhereafeaturepointis visiblein only
oneof theviews andthereforets depthcannotbe determined.

Matchingmaybe doneon a few featurepointssuchasregion centroidsor corner
featurespr onfine featuredetail suchassurfacetexture. In theabsencef significant
surfacetexture arandomtexture patterncouldbe projectedontothe scene.

Implementation®f 60Hz stereo-visiorsystemdave beendescribedoy Anders-
son[17], Rizzi etal. [212], Allen et al. [8] and Bukowski et al. [39]. The first two
operatein a simplecontrived environmentwith a singlewhite target againsta black
background.The lasttwo useoptical flow or imagedifferencingto eliminatestatic
backgroundietail. All usefixedratherthanend-efectormountedcameras.

5.3.3 Depth from motion

Closelyrelatedto stereovision is monocularor motion steeo [193] alsoknown as
depthfrommotion Sequentiamonoculariews,takenfrom differentviewpoints,are
interpretedto derive depthinformation. Sucha sequencamay be obtainedfrom a
robothand-mountedameraduring robotmotion. It mustbe assumedhattargetsin
the scenedo not move significantly betweerthe views. Vernonand Tistarelli [259]
usetwo contrivedtrajectories— onealongthe optical axis,andonerotationabouta
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fixation point— to constructa depthmap of a bin of componentsThe AIS visual-
senoing schemeof Jangetal. [135] reportedlyusesnotionstereao determinedepth
of featurepoints.

Self motion, or egomotion, producesich depthcuesfrom the apparentmotion
of featuresandis importantin biologicalvision [260]. Dickmanng[77] proposesn
integratedspatio-temporahpproacho analyzingscenesith relative motionsoasto
determinadepthandstructure.Basedon trackingfeaturedetweersequentiaframes,
hetermsit 4D vision

Researchinto insectvision [240] indicatesthat insectsuse self-motionto infer
distancedo targetsfor navigation and obstacleavoidance. Comparedo mammals,
insectshave effective but simplevisual systemsandmay offer a practicalalternatve
modeluponwhich to basefuture robot-visionsystemg241].

Fixation occurswhen a sequenc®f imagesis takenwith the cameramoving so
asto keeponepointin the scenetheinterestpoint, atthe samelocationin theimage
plane.Knowledgeof cameramotionduringfixation canbe usedto determinethe 3D
positionof thetarget. Stabilizingonepointin a scenethatis moving relative to the
obsereralsoinducesthetargetto standout from the non-stabilizedandblurredparts
of the scene,andis thus a basisfor scenesggmentation. Coombsand Brown [51]
describea binocularsystemcapableof fixating on a target and someof the issues
involvedin controlof thecameramotion.

5.4 Image basedsenoing

Image-basedisual seno control usesthe location of featureson the image plane
directly for feedback.For example,considerFigure5.6, whereit is desiredto move
therobotsothatthe cameras view changedrom initial to final view, andthe feature
vector from io to jd The featurevector may comprisecoordinatef vertices,or
areasf thefaces.Implicit in f  is thatthe robotis normalto, andcenterecbver the
faceof the cube, at the desireddistance. Elementsof the task arethus specifiedin
imagespacenot world space.Skaaret al. [236] proposethat mary real-worldtasks
may be describedy oneor morecamera-spaciasks.

For a robotwith an end-efectormountedcamerathe viewpoint, and hencethe
featureswill beafunctionof therelative poseof the camerawith respecto thetarget,
®%. In generatthis functionis non-linearandcross-coupleguchthat motion of one
end-efector DOF will resultin the complex motion of mary features.For example,
cameraotationcancausdeaturedo translatenorizontallyandverticallyontheimage
plane.This relationship

f=1(%) (5.1)

may belinearizedaboutthe operatingpoint

5f = "3c(°x) 8% (5.2)
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®

Initial view Final view

Figure5.6: Exampleof initial anddesiredview of a cube

where
36(*%) = 3= (5.3)

is aJacobiarmatrix, relatingrateof changen poseto rateof changen featurespace.
This Jacobians referredto variouslyasthefeatue Jacobian imageJacobian featue
sensitivitymatrix, or interactionmatrix. Assumefor the momentthatthe Jacobiaris
squareandnon-singularthen

%= "3 (%) f (5.4)
anda simpleproportionalcontrollaw
() =k "352x) (f,- f(1) (5.5)

will tendto move the robottowardsthe desiredfeaturevector k is a diagonalgain
matrix,and(t) indicatesatime varying quantity

Poserates®; may be transformedo robot end-efector ratesvia a constantla-
cobian,6J¢, derived from the relative posebetweerthe end-efector and cameraby
(2.10). In turn, the end-efector ratesmay be transformedo manipulatorjoint rates
usingthe manipulators Jacobiarj277]

8="35"(8) "% (5.6)
where@ representshejoint anglesof therobot. The completeequationis

Q(t) — ktGng(Q) tGJC f‘];l(CX) (id _i(t)) (57)
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Sucha closed-loopsystemis relatively robustin the presencef imagedistortions
[68] andkinematicparametewariationsin the manipulatorJacobiari186].

A numberof researchertiave demonstratedesultsusing this image-baseap-
proachto visual senoing. The significantproblemis computingor estimatingthe
featureJacobiaranda varietyof approachewiill bedescribedchext.

5.4.1 Approachedo image-basedvisual servoing

TheproposedBVS structureof Weiss,Figure5.5,controlsrobotjoint angledirectly
usingmeasuredmagefeatures.The non-linearitiesncludethe manipulatokkinemat-
ics anddynamicsaswell asthe perspectie imagingmodel. Adaptive controlis pro-
posedsincethe gain, fJ51(6), is posedependenand8 is not measuredThe chang-
ing relationshipbetweenrobot poseandimagefeaturechangeis learnedduring the
motion. Weissusesindependensingle-inputsingle-output(SISO) model-reference
adaptve control (MRAC) loopsfor eachDOF, citing the adwvantagesof modularity
and reducedcompleity comparedo multi-input multi-output(MIMO) controllers.
The proposed5ISOMRAC requiresonefeatureto controleachjoint andno coupling
betweenfeatures,and a schemeis introducedto selectfeaturesso asto minimize
coupling. In practicethis last constraintis difficult to meetsincecamerarotationin-
evitably resultsin imagefeaturetranslation.

Weiss[273] presentgletailedsimulationsof variousforms of image-basedisual
senoing with a variety of manipulatorstructuresof up to 3-DOF. Sampleintervals
of 33msand3msareinvestigatedasis controlwith measuremendelay With non-
linear kinematics(revolute robotstructure)the SISOMRAC scheméhasdifficulties.
Solutionsproposedbut notinvestigatedincludeMIMO controlanda highersample
rate,or thedynamic-look-and-mee structure Figure5.3.

Weissfoundthatevenfor a2-DOFrevolute mechanisna sampleinterval lessthan
33mswasneededo achieve satisfactoryplantidentification.For manipulatorcontrol
Paul [199] suggestshatthe samplerateshouldbe at least15 timesthelink structural
frequeng. Sincethe highestsamplefrequeng achievablewith standarccamerasand
imageprocessindnardwards 60Hz, the IBVS structureis not currentlypracticalfor
visual senoing. The socalleddynamiclook andmove structure Figure5.3,is more
suitablefor controlof 6-DOF manipulatorshby combininghigh-bandwidthoint level
controlin conjunctionwith a lower rate visual position control loop. The needfor
sucha controlstructures hintedat by Weissandis usedby Feddemd91] andothers
[65,111,134].

Feddemaxtendsthe work of Weissin mary importantways, particularlyby ex-
perimentatior{90-92] and citesthe difficulties of Weisss approachasbeingthe as-
sumptionthatvision updateinterval, T, is constantandsignificantlygreateithanthe
submillisecondperiodneededo control robotdynamics.Dueto the low speedea-
ture extractionachievable (every 70ms) an explicit trajectorygeneratoioperatingin
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featurespaces usedratherthanthe purecontrolloop approachof Weiss.Featureve-
locitiesfrom thetrajectorygeneratoareresohedto manipulatorconfigurationrspace
for individual closed-loogoint PID control.

Feddemd91, 92] describesa 4-DOF serwing experimentwherethe tamget was
a gasketcontaininga numberof circularholes. Binary imageprocessingndFourier
descriptor®f perimeterchaincodeswereusedo describeeachholefeature.Fromthe
two mostuniquecirclesfour featuresarederived;the coordinate®f the midpointbe-
tweenthetwo circles,theangleof themidpointline with respecto imagecoordinates,
andthedistancebetweerrtircle centers.lt is possibleto write thefeatureJacobiarin
termsof thesefeaturesthatis fJc(f), thoughthis is not generallythe case. The ex-
perimentalystemcould trackthe gasketmoving on aturntableatup to 1rad/s. The
actualpositionlagsthedesiredposition,and'someoscillation'is reporteddueto time
delaysin the closed-loopsystem.

A similar experimentalsetup[91] usedthe centroidcoordinatef threegasket
holesasfeaturesThis moretypical casedoesnot allow the Jacobiano beformulated
directlyin termsof themeasuredeatures.Two approacheto evaluatingthe Jacobian
aredescribed.Firstly [90] the desiredposeis usedto computethe Jacobianwhich
is thenassumectonstant. This is satisfactoryaslong asthe initial poseis closeto
thatdesired.Secondly{90,273], the poseis explicitly solvedusingphotogrammetric
techniquesand usedto computethe Jacobian. Simulationof 6-DOF image based
senwoing [91] requireddeterminatiorof poseat eachstepto updatethe JacobianThis
appearsnoreinvolvedthanpureposition-basedenoing.

Rivesetal.[48,211]describeanapproacthatcomputeshecameravelocity scrav
asafunctionof featurevaluesbasednthetaskfunctionapproachThetaskis defined
asthe problemof minimizing || e(°x¢(t)) || wheree() is thetaskfunction. For visual
senwing the taskfunctionis written in termsof imagefeaturesf whichin turn area
functionof robotpose B

e(xg(t)) = C ((x6(t)) - fy) (5.8)

To ensureconvergenceC is choserasC = LT, whereLT = 0 /3%(t) is referred
to astheinteractionmatrix, and* denoteshegeneralizednverse.As previously it is
necessaryo know themodelof theinteractionmatrix for thevisualfeaturesselected,
andinteractionmatricesfor point clustersjinesandcirclesarederived. Experimental
resultsfor robotpositioningusingfour point featuresarepresented48].

FrequentlythefeatureJacobiarcanbe formulatedin termsof featuregplusdepth.
Hashimotoet al. [111] estimatedepthexplicitly basedon analysisof features.Pap-
anikolopouloq198] estimateslepthof eachfeaturepointin a clusterusingan adap-
tive controlscheme.Riveset al. [48,211] setthe desireddistanceratherthanupdate
or estimatdt continuously

Feddemalescribesnalgorithm[90] to selectwhichthreeof thesevenmeasurable
featuresgivesbestcontrol. Featuresare selectedso asto achieve a balancebetween
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controllability and sensitvity with respecto changingfeatures.The generalizedn-
verseof thefeatureJacobiarj111,134 211]allowsmorethan3 featuredo beusedand
hasbeenshavn to increaseobustnessparticularlywith respecto singularitied134].

Jangetal.[135] introducetheconcept®f augmentedmagespacdAlS) andtrans-
formedfeaturespacq TFS).AlS is a 3D spacaevhosecoordinategreimageplaneco-
ordinateplusdistancdrom cameragdeterminedrom motionstereo.In asimilarway
to Cartesiarspace trajectoriesmay be specifiedin AIS. A Jacobiarmay be formu-
latedto mapdifferentialchangedrom AIS to Cartesiarspaceandthento manipulator
joint space The TFSapproactappearso bevery similarto theimage-basedenoing
approactof WeissandFeddema.

BowmanandForrest[36] describehow smallchangesn imageplanecoordinates
canbe usedto determinedifferentialchangein Cartesiarcamergpositionandthis is
usedfor visualsenoing asmallrobot. No featureJacobians required but thecamera
calibrationmatrix is needed.

Most of theabove approachesequireanalyticformulationof the featureJacobian
given knowledgeof the target model. This processcould be automatedput thereis
attractionin theideaof a systenthatcan’learn’ the non-linearrelationshipautomati-
cally asoriginally ervisagedby SandersomandWeiss.Somerecentresults[123,133]
demonstrat¢he feasibility of onlineimageJacobiarestimation.

Skaaret al. [236] describethe exampleof a 1-DOFrobotcatchinga ball. By ob-
servingvisual cuessuchasthe ball, the arm's pivot point, and anotherpoint on the
arm, the interceptiontask can be specifiedeven if the relationshipbetweencamera
andarmis notknown a priori . Thisis thenextendedto amulti-DOF robotwherecues
on eachlink andthe payloadareobsered. After a numberof trajectorieghe system
'learns' the relationshipbetweenmage-planenotion andjoint-spacemotion, effec-
tively estimatinga featureJacobian.Tendicket al. [249] describethe useof a vision
systemto closethepositionloop onaremoteslave armwith nojoint positionsensors.
A fixed cameraobseresmarkerson the arm’s links anda numericaloptimizationis
performedo determingherobot'spose.

Miller [185] presentsa generalizedearningalgorithmbasedn the CMAC struc-
ture proposedvy Albus|[5] for complex or multi-sensorsystems.The CMAC struc-
tureis tabledriven,indexed by sensowalueto determinghe systemcommand.The
modifiedCMAC is indexed by sensowalueaswell asthe desiredgoal state.Experi-
mentalresultsaregivenfor control of a 3-DOFrobotwith a hand-heldcameraMore
than 100 trials were requiredfor training, and good positioningand tracking capa-
bility were demonstratedArtificial neuraltechniquesanalsobe usedto learnthe
non-linearrelationshipdbetweenfeaturesand manipulatorjoint anglesasdiscussed
by Kupersteif158], Hashimotd110] andMel [183].
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5.5 Implementation issues

Progressn visual senoing hasbeenfacilitatedby technologicabdwancesn diverse
areasncludingsensorsimageprocessing@ndrobotcontrol. This sectionsummarizes
someof theimplementatiordetailsreportedn theliterature.

5.,5.1 Cameras

The earliestreportsusedthermionictube, or vidicon, imagesensors.Thesedevices
hadanumberof undesirableharacteristicsuchasphysicalweightandbulk, fragility,
poorimagestability andmemaoryeffect [68].

Sincethe mid 1980smostresearcherbBave usedsomeform of solid statecamera
basedon an NMOS, CCD or CID sensor The only referenceto color vision for
visualsenoingis thefruit pickingrobot[108] wherecoloris usedto differentiatefruit
from the leaves. Givenreal-timeconstraintghe advantage®f color vision for object
recognitionmay be offsetby theincreasedtostandhigh processingequirement®f
up to threetimesthe monochromealatarate. Almost all reportsarebasedon the use
of areasensorsbut line-scansensordiave beenusedby Webberet al. [271] for very
high-ratevisual senwoing. Camerasisedgenerallyconformto eitherof the two main
broadcasstandard®kS170or CCIR.

Motion blur canbe a significantproblemwhenthereis relative motion between
targetandcameraln conjunctionwith a simplebinaryvisionsystenthis canresultin
thetargetbeing'lost from sight' whichin turn leadsto 'rough’' motion[17,65]. The
electronicshutteringfacility commonto mary CCD sensorganbe usedto overcome
this problem,but with somecaveats,asdiscussegbreviouslyin Section3.4.1.

Cameraganbeeitherfixed or mountedon the robot's end-efector. The benefits
of anend-efectormountedcamerancludethe ability to avoid occlusion resolhe am-
biguity andincreaseaccuray, by directingits attention.Tani[244] describeg system
wherea bulky vidicon camerais mountedremotelyanda fibre optic bundleusedto
carrytheimagefrom nearthe end-efector Giventhe smallsizeandcostof modern
CCD camerasuchanapproachs nolongernecessaryAll reportedstereo-baseslys-
temsusefixedcameraslthoughthereis noreasorastereo-camereannotemounted
on the end-efector, apartfrom practicalconsiderationsuchaspayloadlimitation or
lack of camerasystenrobustness.

Zhangetal. [290] obsenre that,for mostusefultasks,anoverheaccamerawill be
obscuredy thegripper andagrippermountedcamerawill be outof focusduringthe
final phaseof partacquisition. This mayimply the necessityfor switchingbetween
severalviews of the scenepr usinghybrid controlstratgieswhich utilize vision and
conventionaljoint-basedcontrolfor differentphasesf the task. Nelsonet al. [154]
discusgheissueof focuscontrolfor acameramountedona'looking' robotobserving
anotherobotwhichis performingthetaskusingvisual-sereing.
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5.5.2 Image processing

Visionhasnotbeenwidely exploitedasasensingechnologywhenhighmeasurement
ratesarerequireddueto theenormousamountof dataproducedy vision sensorsand
thetechnologicalimitationsin processindghatdatarapidly. A vision sensors output
datarate (typically 6 Mbyte/s) is several ordersof magnitudegreaterthanthat of a
forcesensoffor the samesamplerate. This necessitatespecial-purposbardwaredor
the early stagesof imageprocessingjn orderto reducethe datarate to something
manageablby a corventionalcomputer

The highestspeedsystemsreportedin the literature generallyperform minimal
imageprocessingandthe scenesare contrived to be simpleto interpret,typically a
singlewhite tamgetonablackbackground17,65,92,212]. Imageprocessingypically
compriseghresholdingollowed by centroiddetermination.Selectionof a threshold
is apracticalissuethatmustbeaddressednda numberof techniquesrereviewedby
Weszkg[275].

Generakcenedhave too much'clutter' andaredifficult to interpretatvideorates.
Harrell[108] describes vision systemwhich usessoftwareto classifypixelsby color
soasto sgmentcitrusfruit from thesurroundindeaves. Allen etal. [7, 8] useoptical
flow calculationto extract only moving targetsin the scenethuseliminatingstation-
ary backgroundietail. They usethe Horn and Schunkoptical flow algorithm[122],
implementecnaNIST PIPE[147] processqgifor eachcameran the steregpair. The
stereoflow fields are thresholdedthe centroidof the motion enegy regions deter
mined,andthentriangulationgivesthe 3D positionof the moving body. Hayneq39]
alsousesa PIPE processofor stereovision. Sequentiaframedifferencingor back-
groundsubtractioris proposedo eliminatestaticimagedetail. Theseapproacheare
only appropriatéf the cameras stationarybut Dickmanng77] suggestshattheuse
of foveationandfeaturetrackingcanbeusedn thegenerataseof moving targetsand
obserer.

Datacubeprocessingnodules74] have alsobeenusedfor video-ratevisual ser
voing [65,71] andactive vision cameracontrol[51].

5.5.3 Feature extraction

A very importantoperationin mostvisual senoing systemsds determiningthe coor
dinateof animagefeaturepoint, frequentlythe centroidof aregion. Thecentroidcan
bedeterminedo sub-pixel accurayg, evenin abinaryimage,andfor acirclethataccu-
rag/ wasshawn, (4.53),to increaseawith region diameter The calculationof centroid
canbeachievedby softwareor specializednomentgeneratiorhardware.
Therearemary reportsof the useof momentgeneratiorhardwargo computethe
centroidof objectswithin the sceneat videodatarates[16,94,114,261,264]. Ander
ssons system[16] computedyrey-scalesecondordermomentsbut wasincapableof
connected-mgion analysismakingit unsuitabldor scenesvith morethanoneobject.
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Hatamians system[114] computedgrey-scalethird order momentsusing cascaded
single pole digital filters andwasalsoincapableof connected-igion analysis. The
APA-512 [261], describedurtherin appendixC, combinessingle-passonnectvity
with computationof momentsup to secondordet perimeterand boundingbox for
eachconnectedegionin abinaryscene.

The centroidof a region canalso be determinedusing multi-spectralspatial, or
pyramid,decompositiorof theimage[14]. This reduceghecompleity of thesearch
problem allowingthecomputeto localizetheregionin acoarsémageandthenrefine
the estimateby limited searchingf progressiely higherresolutionimages.

Softwarecomputatiorof imagemomentss oneto two ordersof magnitudeslower
thanspecializechardware.However the computatiortime canbe greatlyreducedf
only asmallimagewindow, whoseocationis predictedrom the previouscentroid,is
processe(l77,92,99,108,212 274]. Thetaskof locatingfeaturesn sequentiabcenes
is relatively easysincetherewill beonly smallchange$rom onescenedo thenext [77,
193] andtotal scenénterpretatioris notrequired.Thisis the principle of verification
vision proposedy Bolles[34] in whichthe systemhasconsiderabl@rior knowledge
of thesceneandthe goalis to verify andrefinethe locationof oneor morefeatures
in the scene.Determiningtheinitial locationof featuresrequiresthe entireimageto
be searchedbut this needonly be doneonce. Papanikolopoulost al. [197] usea
sum-of-squaredifferencesapproacho matchfeatureshetweenconsecutie frames.
Featuresarechoseron the basisof a confidenceneasurecomputedrom thefeature
window, andthe searchis performedin software. The TRIAX system[19] is an
extremely high-performancenultiprocessosystemfor low lateny six-dimensional
objecttracking. It candeterminethe poseof a cubeby searchingshortchecklines
normalto theexpectededgesf thecube.

Whenthe softwarefeaturesearchis limited to only a smallwindow into the im-
age,it becomesmportantto know the expectedpositionof the featurein theimage.
This is the target tracking problem; the useof a filtering processo generatdarget
stateestimatesand predictionsbasedon noisy obsenationsof the target's position
anda dynamicmodelof thetarget's motion. Target maneuersaregeneratedy ac-
celerationcontrolsunknown to the tracker Kalata[141] introducestrackingfilters
anddiscusseshe similaritiesto Kalmanfiltering. Visualsernwoing systemdave been
reportedusingtrackingfilters [8], Kalmanfilters [77,274], AR (autoregressve) or
ARX (autoregressve with exogenousnputs)models[91,124]. Papanikolopoulot
al.[197]useanARMAX modelandconsideitrackingasthe designof asecond-order
controllerof imageplaneposition. Thedistancdo thetargetis assumedonstananda
numberof differentcontrollerssuchasPl, pole-assignmergndLQG areinvestigated.
For the casewheretamet distanceis unknavn or time-varying, adaptve control is
proposed196]. Thepredictionusedfor searchwindow placementanalsobeusedto
overcomeateng in thevision systemandrobotcontroller

Dickmanns[77] andInoue[128] have built multiprocessoisystemsvhereeach
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processois dedicatedo trackinga singledistinctive featurewithin theimage.More
recently Inoue[129] hasdemonstratethe useof a specialized/LSI motionestima-
tion device for fastfeaturetracking.

Hagers XVision® is a portablesoftwarepackagefor high-speedrackingof line
andregion featureslts objectorientedstructureallows for the creationof morecom-
plex featuresdbasedntheinbuilt primitive features.

5.5.4 Visualtask specification

Mary of the visual seno systemseportedare capableof performingonly a single
task. This is often dueto the optimizationnecessargiven the constraintof image
processingTherehasbeenlittle work on moregenerabpproacheto taskdescription
in termsof visual features.Jang[134] and Skaaret al. [236] have shavn how tasks
suchas edgefollowing or catchingcan be expressedn termsof image planefea-
turesandtheir desiredtrajectorieswvhich are describedalgorithmically Commercial
robot/visionsystemshave inbuilt languagesupportfor bothvisual featureextraction
androbotmotion; however, thesearelimited to look-then-mae operationsincemo-
tion is basedn finite durationtrajectoriego known or computediestinatiorpoints.

Geschkd100] describesheRobotSeno System(RSS)softwarewhich facilitates
the developmentof applicationsdasedon sensoryinput. The softwarecontrolsrobot
position,orientation force andtorqueindependentlyandspecificationgor control of
eachmay be given. The programmingfacilities are demonstrateavith applications
for vision-basegay in holeinsertionand crankturning. Hayneset al. [39] describe
a setof library routinesto facilitate hand-ge programmingor a PC connectedo a
Unimaterobotcontrollerandstereo-camergystem.

The useof a table-driven state machineis proposedby Adsit [1] to control a
visually-senoedfruit-picking robot. The statemachinewasseento be advantageous
in copingwith the variety of error conditionspossiblein suchan unstructuredvork
ervironment. Anotherapproachto errorrecovery is to includea humanoperatorin
thesystem.Theoperatoicouldselecimagefeaturesandindicatetheir desiredconfig-
urationallowing thetaskitself to be performedunderclosed-looprisualcontrol. This
would have particularadwvantagen situations suchasspaceor underseayherethere
is considerableommunicationsime delay Teleoperatiorapplicationshave beende-
scribedby Yuanetal. [289], Papanikolopoulogtal. [198] and Tendicketal. [249].

4Availablefrom http://WWW.CS.Yale.EDU/HTML/YALE/CS/AI/VisionRobotics/dle Tracking.html
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Chapter 6

Modelling an experimental
visual sevo system

Thisandfollowing chaptersareconcernedvith thedynamiccharacteristicsf closed-
loop visual control systemsas distinct from the kinematiccontrol issuesdiscussed
in the previous chapter Researchers robotic force control (e.g., Whitney [276],
Eppingerand Seering[85]) have demonstratedhat as the bandwidthof the sensor
increasesdynamiceffectsin the sensor robot and ervironmentintroducestability
problemsasattemptsaremadeto increasehe closed-loopbandwidth. Similar prob-
lemsexist with high-bandwidthvisual control but to datereportedsampleratesand
manipulatorspeedshave generallybeenso low that theseproblemshave not been
widely appreciated.This haslargely beendueto technologicalimitations in image
processingHowever in afew casesucheffectshave arisenbut wereonly mentioned
in passingandnot adequatelynvestigated.

This chapterstartsby examining the architectureand dynamic performanceof
visual seno systemspreviously describedn the literature,and dravs someconclu-
sions about systemarchitecturalcharacteristicghat are prerequisitego achieing
high-performanceThenthe experimentalhardwareandsoftwaresystemusedin this
workis introduced:a general-purposgensoibasedobotcontrollerandalow-lateny
50Hz visionsystem.Thesystemdescribedisesasingleend-efectormountedcamera
(monoculareye-in-handvision) to implementa targetfollowing or fixation behaiour
by rotatingthe camerausingthe robot's wrist axes. It employs“simplistic computer
vision” techniquesnda specialisechardwarearchitectureo provide a high sample-
rateandminimumlateng visionsystem.Thisresultsn anidealtestbedvith whichto
bring closed-loopdynamicproblemsto the fore, conductmodelling,andexperiment
with variouscontrolstrategies. Thetemporakharacteristicef thecontrollerhardware
andsoftwareaffect the visual closed-loopdynamicsandmustbe understoodn order
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to explain the obsered behaiour.

6.1 Architecturesand dynamic performance

Theearliestreferenceo avisualseno stability problemappearso be Hill andPark'’s
[116] 1979papemwhich describewisualserwoing of a Unimaterobotandsomeof the
dynamicsof visual closed-loogontrol. Stability, accurag andtrackingspeedor an-
otherUnimate-basedisual-sere systemarediscussedy Makhlin[179]. Coulonand
Nougare{68] describeclosed-looppositioncontrolof an XY mechanisnio achieve
asettlingtime of around0.2s to a stepdemand Anderser{13] describeshe dynamic
control of a labyrinthgame— a woodenboardmountedon gimbalson which a ball
bearingrolls, theaim beingto move the ball througha mazeandnot fall into a hole.
The ball's positionis obsered at 40ms intervals and a Kalmanfilter is usedto re-
constructthe ball's state. State-feedbackontrol givesa closedloop bandwidthof
1.3Hz.

Weiss [273] proposedmagebasedvisual servoing a control strat@y in which
robotjoint torquesare controlledby visual featuredatavia SISOMRAC loops. The
adaptve controllers'track’ the time-varying kinematic relationshipbetweenrobot
joint anglesandtarmget featuresaswell ascompensatindor the time-varying rigid-
body manipulatordynamics.Weisspresentsimulationresultsonly, but for comple
mechanismsuch as 3-DOF revolute robots he finds that visual sampleratesover
300Hz arerequiredfor stableandaccuratecontrol. The axis modelsusedin the sim-
ulationdo notincludeary non-linearfriction terms.

Pool[206] providesa detaileddescriptionof a motion control systemfor a citrus
pickingrobot. The2-DOFrobotis hydraulicallyactuatecdindhasthreecontrolmodes:
velocity controlfor scanninghetree,positioncontrolfor returnafterfruit pickingand
visualcontrolwhile reachingowardafruit. In positioncontrolmodeaninnervelocity
loop wasfoundto benecessaryo counterthe effectsof staticfriction in the actuator
Thevisualcontrolmodeusesvisualerrorto controlthe hydraulicvalve via alead/lag
compensator— thereis no inner axis velocity or positionloop despitethe problems
mentionedwith staticfriction in position control mode. Acceptablestatic error of
6 pixels was achieved without ary explicit gravity compensation.The controlleris
implementedigitally at 60Hz andis synchronousith the RS170field rateimage
processingystem.Surprisingly the controllerdesignis performedusingcontinuous
time techniquesvith no modellingof lateng in the vision systemor controller The
designaim wasto achieve a phasdag of 10° with afruit swingingat 1.1Hz but this
wasnot achieved. At thatfrequeng the desiredphasedag is equivalentto a delayof
25msandthevision systemalonewould contribtutenearlyl 7msof delay(oneRS170
field time), requiringvery high performancesenosto meetthis criterion.

Importantprerequisitegor high-performanceisualserwing are:



6.1 Architecturesand dynamic performance 173

e avision systemcapableof a high sampleratewith low lateng;

¢ ahigh-bandwidttcommunicationpathbetweerthevisionsystemandtherobot
controller

Most reportsmakeuseof standardvideo sensorandformatsandarethuslimited in
samplerateto atmost60Hz (theRS170field rate). WeberandHollis [271] developed
a high-bandwidttplanarposition-contrdled micro-manipulatowith a 300Hz sample
rate by usinglinear ratherthan array sensorsdramaticallyreducingthe numberof
pixelsto beprocessed.

For visual control [68,116] andforce control[201] it hasbeenobsered that la-
teng/ from sensecerrorto actionis critical to performanceWhile pipelinedcomput-
ing systemsare capableof high throughputrates(and are commonlyusedin image
processing}hey achieve this at the expenseof latengy. For sensoibasedsystemst
may be preferableto employparallelratherthanpipelinedprocessingMany reports
arebasedon the useof slow vision systemavherethe sampleinterval or lateny is
significantlygreaterthanthe video frametime. If thetarget motionis constanthen
predictioncanbe usedto compensatéor thelateng, but the low samplerateresults
in poor disturbanceejectionandlong reactiontime to target 'maneusers'. Zhang
et al. [290] have suggestedhat predictionis alwaysrequiredfor the final phaseof
partgraspingsinceanoverheadccamerawill beobscuredy thegrippet andagripper
mountedcamerawill be outof focus.

Graspingobjectsona corveyor beltis anidealapplicationfor predictionsincethe
targetvelocity is constantZhanget al. [290] have presented trackingcontrollerfor
visually serwing arobotto pick itemsfrom afastmaving corveyor belt (300mm/s).
The camerais hand-heldand the visual updateinterval usedis 140ms A Kalman
filter is usedfor visual stateestimation,and generalizedpredictive control is used
for trajectorysynthesisandlong-rangepredictionalongthe axis of corveyor motion.
Allen etal. [8] usea 60Hz fixed-cameratereovision systento trackatargetmaoving
at250mm/s. Laterwork [7] extendsthis to graspinga toy train moving onacircular
track. Thevision sensolintroducesconsiderabléag andnoiseandana — 3 — y filter
[141]is usedto smoothandpredictthecommandsignalto therobot. Houshang[124]
usesa fixed overheadcamera,and a visual sampleinterval of 196ms to enablea
Puma600 robot to graspa moving tamget. Predictionbasedon an auto-rgressie
modelis usedto estimatethe unknovn dynamicsof the target and overcomevision
systemdelays. Prajoux[207] describes systemto graspa swingingobjectusing 2-
DOF visualsenoing. A predictoris usedto estimatethe future positionof the hook,
enablingsettlingtimesof the orderof 1s.

It is an unfortunatereality that most'off-the-shelf robot controllershave low-
bandwidthcommunicationgacilities. In mary reportedvisualseno systemshecom-
municationspathbetweernvision systemandrobotis typically a serialdatacommu-
nicationslink [91,124,258,280]. The UnimateVAL-II controller's ALTER facility
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usedby someresearcherfl 98,258] allows trajectorymodificationrequestdo bere-
ceivedvia aserialportatintervalsof 28ms Tate[248] identifiedthetransferfunction
betweerthisinputandthemanipulatomotion,andfoundthedominantdynamicchar
acteristichelov 10Hz wasatime delayof 0.1s.Bukowski et al. [39] describea novel
analoginterconnecbetweera PC andthe Unimatecontroller so asto overcomethe
inherentlateny associateavith the UnimateALTERfacility.

To circum\ent this communicationgroblemit is necessaryo follow the more
difficult pathof reverseengineeringhe existing controlleror implementinga custom
controller Oneof the morecommonsuchapproachess to useRCCL [115] or simi-
lar [64,65] to connect 'foreign controller'to a Pumarobot'sseno systempypassing
the native VAL basedcontrol system. This providesdirect applicationaccesgo the
Unimatejoint seno controllers,at high samplerate,andwith reducedcommunica-
tionslateng. Visualseno systemsasedon RCCL have beendescribedy Allen et
al. [8], Houshang[124] andCorke[66]. Allen et al. usea 'high speednterface'be-
tweenthe PIPEvision systemandRCCL, while CorkeusesanEtherneto link a Dat-
acubebasedvision systemto a Cartesiarvelocity sener basecon RCCL. Houshangi
usesRCCL asa platformfor adaptve axis control, but usesa low visual samplerate
anda vision systemconnectedy seriallink. Highercommunicationdandwidthcan
beachieved by meansf acommoncomputebackplaneSuchanapproachs usedoy
Papanikolopoulo$197] with the Chimeramulti-processocontrolarchitecture Later
work by Corke[65], includingthis work, is basedon a VMEbusrobotcontrollerand
Datacubevision systemwith a sharedbackplane.A similar structureis reportedby
Urbanetal. [256].

Lesstightly coupledsystemsasedn transputetechnologyhave beendescribed
by Hashimotoet al. [111], Rizzi et al. [212] and Westmoreand Wilson [274]. The
vision systemandrobotactuatorsareconnectedlirectly to elementf the computa-
tional network.Hashimotos systemclosesthejoint velocity controlloopsof a Puma
560at1kHz, but thevisualserno samplenterval variesfrom 85msto 150msdepend-
ing uponthecontrolstratgy used.Wilson'stransputeibasedvision systemperforms
featuretracking and posedeterminationput communicatesvith a CRSrobotvia a
seriallink.

The majority of reportedexperimentakystemsmplementa visualfeedbackoop
‘on top of' the robot's existing position-controlloops. This hasoccurred probably
for thepragmatiaeasorthatmostrobotcontrollerspresentinabstractiorof therobot
asa position-controled device. However someresearcherg visual serwing who
have 'built their own' robotcontrollersat the axislevel have all choserto implement
axis-positioncontrol. Papanikolopoulo$197] implementscustomCartesiarposition
controllersbasedon PD plusgravity or model-basedorque-feedforwardechniques.
Sharkg etal. [231] controlthe"Y orick' headby meansof aninnerhigh-rateposition
controlloop. Houshangi124] implementsadaptve self-tuningaxis control with an
outerposition-controloop. Theredundantevelsof controladdto systemcomplexity
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Figure6.1: Photograptof VME rack. Fromleft to right is CPU, Pumainterface,
videopatchpanel,Datacubeboards APA-512, a gap,thenthe VME to Multibus
repeater

andmayimpactonclosed-looperformancebut thisissuehasnotbeennvestigatedn
theliteratureandis discussedh Section7.4. Hashimotd111] andPool[206] provide
the only known prior reportsof visual seno systemsbaseduponrobot axis-\elocity
control.

6.2 Experimental hardware and software

Thefacility usedfor the presenvisualsenoingwork hasevolvedfrom thatdeveloped
in the mid 1980sfor investigationinto robotic force control anddelurring [67]. It

provides generalfacilities for sensotbasedrobot control which proved well suited
for early experimentalwork on visual serwing. The importantcomponentf the
experimentalkystemare:

e processoandoperatingsystem;
e robotcontrolhardware;
e ARCL robotprogrammingsupportsoftware;

¢ high-performancéow-lateng vision system
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Figure6.2: Overall view of the systemusedfor visual seno experiments.

e RTVL visualseno supportsoftware.

Therobotcontrollerandvision systemareindividually capableof high performance,
but the significantadwantageof this systemis that the robot controller and vision
systemsharea commonbackplaneseeFigure6.1. This providesa high-bandwidth
visualfeedbaclpathwhichis in contrasto thelow-speedseriallinks reportedn much
of the visual serwing literature. The remainderof this sectionwill briefly describe
eachof thesecomponentsAdditional detailscanbefoundin the Appendices.

6.2.1 Processorand operating system

Thecontrolleris built onthe VMEbus[188], anold but widely usedhigh-performance
32-bitbus,for whichalargerangeof computingjmageprocessin@ndinterfacemod-
ulesareavailable. The CPUis a MotorolaMV147 68030processocard[50] running
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at 25MHz!. It providesfour serialcommunicatioriines, aswell asan Ethernetin-
terface. In contrastto somesystemsdescribedn the literaturewhich are basedon
multiple high-speedrocessor$l7,111,274] a single processois adequatdor the
taskandis far easieito programanddehug.

The VxWorks [281] real-timemulti-taskingoperatingsystemis usedto support
softwarerunningin thetargetprocessorvVxWorksprovidescommonUnix andPOSIX
library functions,aswell asits own librariesfor managingasks,semaphoregjmers
andsoon. It alsohasextensie networkingfunctionsallowing thetargetprocessqifor
instanceto accessemotefiles via NFS.An interactve shell,accessibleia rlogin
or telnet , allows taskcontrol, programloading,andinspectionor modificationof
globalprogramvariables.

6.2.2 Robotcontrol hardware

A schematiof thevisualseno controllersystems shavnin Figure6.2,andadetailed
view of the principal robot controllermodulesis shovn in Figure6.3. A customin-
terfaceallowsthe VMEbushostcomputetto communicatevith the attachedJnimate
seno system.Thecustominterfaces connectedlirectlyto theUnimatearm-interface
board, taking over the role of the low-poweredLSI-11/2 microprocessowhich runs
theVAL languagenterpreter Thearm-interfaces responsibléor relayingcommands
anddatabetweerthe hostandtheindividual joint position-controlcardswhich were
describedn Section2.3.6. Controllersfor Unimaterobotsbuilt on similar principles
have beenreportedoy otherg115,184,262]. In this systemthehostis ableto readthe
presentposition of eachaxis, in encoderunits, or specifya new setpoint. Setpoints
maybeeithera positiondemandin encodeunits,or amotorcurrentdemandin DAC
units.

The significantpoint is that the position controller can only acceptsetpointsat
intervals of 3.5x 2"ms, wheren= {0, 1,...5}. Currentdemandsetpointsmay be
issuedat ary time, andarepassedn to the currentloop in lessthan1ms. Detailsof
the Unimatecontrollerstructurearegivenin Corke[56]2.

Robotmotorcurrentsarealsoaccessibléo the hostcomputer The motorcurrent
shuntvoltageshave beentapped,and broughtout to a connectoron the backof the
Unimatecontrol box. This may be connectedo an 8-channell2-bit simultaneous-
captureADC board[72] via a bankof customanti-aliasindfilters. Thefilters are4th
orderButterworthwith a breakfrequeng of 40Hz

The Unimateteachpendantasalsobeendisconnectedrom the VAL processor
andconnectedo aserialportontheMV147 CPU.A smallsoftwareibrary makeshe
pendantvailableto applicationprogramsandis a moreconvenientinput device for
manualrobotcontrolthangraphicaljog buttonsor sliderson a workstationscreen.

1For someof thework describedn Chapter8 a 33MHz processowasusedinstead.
2Availablein anonlinedocumentseeAppendixB.
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Figure 6.3: Robotcontrollerhardwarearchitectureshoving datapathgrom the
mainVME controllerto the Multibus I/O box andUnimateseno controller

6.2.3 ARCL

ARCL [55] is a softwaresystemfor manipulatorcontrol, basedon the conceptsof
RCCL[115]. Theprogrammess modelis basedn Cartesiarcoordinatesepresented
by homogeneousansformationsARCL is however modularanddesignedor ease
of portingto differentcomputemplatforms,operatingsystemsandrobot manipulators
[64]. Portabilityis achieved by a numberof clearly definedinterfacego, andwithin,
the ARCL software.

The users applicationprogramexecutesconcurrentlywith a real-time periodic
trajectorygeneratiorprocesswvhich computeghe next setof manipulatorjoint angle
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Figure6.4: Timing of ARCL setpointgeneratoandseno communicatiorprocesses.

setpoints.The users programcommunicatesvith the trajectorygeneratoby means
of amotionrequesijueue.Variousmechanismexist to allow the users programto
synchronizewith the motion of the manipulatorandto allow sensorydatato modify
the manipulators path. One conceptuallysimple, but powerful, approacho sensor
basedontrolis implementedy definingapositionin termsof atransformatiorbound
to a function which reflectsthe value obtainedby the vision system. Moving to a
positiondefinedin termsof that transformatiorresultsin motion controlledby the
vision system.

The processingequencef the ARCL softwareinfluenceghe closed-looprisual
seno model and warrantsdiscussiorat this point. The principal timing, shovn in
Figure6.4, is controlledby a periodicinterruptfrom atimer on the CPU cardwhich
activatesthe seno communicationsask. Thattaskcommunicatesvith the six digital
seno boardsin the Unimatecontrollerchassisvia the arm interfaceboard. It reads
thecurrentencodewralues transmitghe previously computedsetpointsandthenacti-
vatesthetrajectorygeneratotaskto computethenext positionsetpoint.This 'double
handling' of the positionsetpointdatais necessaryo accommodat¢he variableex-
ecutiontime of the trajectorygeneratioralgorithm, but at the expenseof increased
lateng in robot response An irregular sequencef setpointsresultsin undesirably
roughjoint motion.

6.2.4 Vision system

The imageprocessingsubsystemseeFigure 6.1, is basedon Datacubevideo-rate
pixel-pipelinedimage processingnodules— VMEbus boardsthat perform simple
arithmeticoperation®n digital videodata.Digital videodatawould exceedtheband-
width of the VMEbus so separatevideo datapathsare establishedria socketsalong
the front edgeof eachboard. The userinstalledpatchcablesbetweenthesesockets
createthe video datapathsequiredby the application,seeFigure 6.5. Theseinter
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Figure6.5: MAXBUS andVMEbus datapathsThe MAXBUS 10Mpixel/s dat-
apathsare establishedy userinstalledpatchcablesbetweenboardfront panel
sockets.

modulevideo datapathsire known as MAXBUS? and carry byte-parallelpixel data
at 10Mpixel/s Operatingparameterareset,andboardstatusmonitored by the host
computervia the VMEDbus. All Datacubemodulesare linked by a commontiming
bus, providing pixel, line and frame clocks. In this configurationthe timing bus is
drivenby the DIGIMAX digitizer whichis synchronizedo thevideosignalfrom the
Pulnix TM-6 camerawhich wasmodelledin Chapter3. This cameraemploysfield
shutteringandis operatedvith a shutterinterval of 2msunlessstatedotherwise.

Theimageprocessindlow, implementedisingDatacubamodulesjs shavn sche-
maticallyin Figure6.6. Theincominganalogvideosignalis digitizedto forma512x
512pixeldigitalimage.Thisisthresholdedby alookuptablewhichmapspixelsto one
of two grey levels, correspondingo the binaryvaluesblack or white. Binary median
filtering on a 3 x 3 neighbourhoods then performedto eliminateone or two pixel
noiseregions which would overwhelm downstreamprocessingelements. Another
framestords usedby the run-time softwareto display real-timecolor graphicsand
performancealatawhich areoverlaid onthelive or binarizedcameramage.

The APA-512+[25] (for AreaParameteAccelerator)s a hardwareunit designed
to acceleratehe computatiornof areaparameter®f objectsin a scene.Digital video
datainput via MAXBUS is binarized andsingle passconnectiity analysisis per
formed. For eachregion, black or white, a groupof parallelALUs computemoments
up to secondorder perimeterandboundingbox. The APA notifiesthe hostby inter-
ruptor poll-ablestatusflag whenaregion is completedandtheresultsfor thatregion

3Trademarlof Datacubenc., DarversMA, USA, who developedthe standardanda rangeof conform-
ing imageprocessingnodules.
4In this systenmtheimageis binarizedn theprocessingtagesprior to the APA.
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CCIR video binary video
6.5Mbytes/s 0.82Mbytels e
.4%

) [LFI‘I_‘
] B
camera
RGB
monitor
region
analysis
threshold binarization
subtraction and feature
median extraction
filtering
DIGIMAX MAXSP SNAP APA512
VME
overlay bus
graphics
= MAXBUS (10Mpix/s)
ROISTORE

Figure 6.6: Schematiocof image processingdataflow. Video datais digitized,
thresholdecandmedianfiltered prior to region featureextraction. Thefinal data
rateis a small fraction of that from the cameraand canbe readily handledby a
moderatelypoweredmicroprocessoNotealsotheframestoraisedfor rendering
overlaygraphics.

arethenavailablefrom onboardsharedmemory

TheAPA performsvery effective datareduction reducinga 10Mpixel/sstreanof
grey-scalevideodatainput via MAXBUS, to a streamof featurevectorsrepresenting
objectsin the scene Eachregion is describedy 48 bytesof data,soa scenewith 10
regionsresultsin afeaturedatarateof 24kbyte/s or 0.4%of theincomingpixel rate.
The host processoiscreenghe featurevectorsaccordingto their parametergsize,
shape;color'), andthusfindstheobjectsof interest.AppendixC providesadditional
detailsof APA operation.

Mary of the reportedvisual seroing systemsprocesscompletevideo frames.
As discussedn Section3.4.1full-frame processingequiresdeinterlacingwhich in-
creasedateny andcanresultin a raggedimageof a fastmoving target. Figure6.7
compareshelateng for field andframerateprocessingln thiswork field processing



182 Modelling an experimental visual servosystem

change in scene (a) FIELD RATE PROCESSING
I 1 L 1 1 1 1 1 1 .
. result me
1 field time (20ms)
change in scene (b) FRAME RATE PROCESSING
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1 1 1 1 1 1 1 1
time
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5 field times (100ms)
change in scene (c) FRAME RATE PROCESSING
o E o E o E o E
1 1 1 1 Il 1 1 1
time
missed frame is transferred result

field frame is processed

4 field times (80ms)

Figure6.7: Comparisorof lateng for frameandfield-rateprocessing.'E' and
'O’ designatevenandoddfieldsrespectiely. Approach(a),asusedin thiswork
allows the pixel transferandprocessindo be overlappedgiving resultswithin a
maximumof 20ms after pixel exposure Approach(b) is a straightforwardrame
processingtratgly whereboth fields mustbe loadedinto the framestorebefore
processingancommence Sincea CCIR frameby definitionstartswith aneven
field an extrafield delay shavn asmissedield is introduced.Approach(c) is a
modificationof (b) which recognizeghat frame processingcancommencevith
thesecondpdd,field.

is used,allowing a 50Hz visual samplerateby treatingthe interlacedcameraoutput
astwo consecutie framesof half verticalresolution.

6.2.5 Visual servosupport software— RTVL

Early experimentalwork in visual senoing shaved that quite simple applications
rapidly becamebloatedwith detailedcodeto handlethe requirement®f vision and
robot control, graphicaldisplay diagnosticsdatalogging andso on [57]. Consid-
erablework hasgoneinto the designof the softwaresystemknown as RTVL for

Real-Time Vision Library. RTVL providesextensve functionsto the users applica-
tion programencompassingisual-featuresxtraction, data-logging remotevariable
setting,andgraphicaldisplay The RTVL softwareis describedn detailin Appendix
D, andatypical displayis shavnin Figure6.8.
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FIXATE
Xo=  283.17
Yo= 133.21
xt=  56.67
yt= -89.16
zt= 576.57
vdx= 142.39

vdy= 385.37
vdz= -205.58
thld= 37.23
th2d= 18.00

=94.01

Figure 6.8: Typical RTVL display as seenon the attachedcolor monitor On

theleft of the display are'watched' variableswhile at lower left variousstatus
itemsaredisplayed. Top right is the currenttime and bottomright are activity

indicatorswhich appeatto spin, allowing a quick appraisabf systemoperation.
In the centercanbe seenthe grey-scaletargetimagewith a trackingcursor The

white squarealmostsurroundinghe tamgetis the region in which integral action
controlis enabled.

RTVL provides visual-sere-specificextensionsto VxWorks andis loadedinto
memoryat systemboottime. Visual seno applicationsprogramsare loadedsubse-
guentlyandaccesfRTVL via awell-definedfunctioncall interface.Internallyit com-
prisesa numberof concurrentasksandshareddatastructuresThefeatureextraction
processs simplistic andreportsthe first (in rasterorder) n regionswhich meetthe
applicationprograms acceptanceriteria. Theseareexpressedn termsof a boolean
screenindgunctionappliedto all extractedregionsin the scene Typically screenings
onthebasisof objectcolor (blackor white), upperandlowerboundsonareaandper
hapscircularity (4.11). Functionsexist to computeusefulmeasuresuchascentroid,
circularity andcentralmomentdrom the returnedregion datastructures.

Cornvenientcontrol of applicationds facilitatedby a mechanisnthatallows pro-
gramvariablesto beregisteredwith aremoteprocedurecall (RPC)sener. Theclient
is aninteractve controltool runningunderOpenWndows on anattachedvorkstation



184 Modelling an experimental visual servosystem

computer A list of variablesregisteredunderthereal-timesystemcanbe poppedup,
andfor userselectedsariablesa valueslideris createdwhich allows that variableto
be adjusted Variablescanbe booleanjnteger, floating point scalaror vector For de-
buggingandanalysisRTVL providestwo mechanism$or monitoringvariables.One
continuouslhydisplaysthe valuesof a nominatedist of variablesn the graphicsplane
whichis superimposednthelive cameramage,seeFigure6.8. Anotherallows vari-
ablesto be timestampedindloggedwith low overheadnto a large memorybuffer.
Thebuffer canbewrittento afile via NFSanda postprocessarsedto extractselected
variables. Thesemay be displayedin takular form or importedinto MATLAB for
analysisand plotting. Most of the experimentaldatain this book hasbeenobtained
usingthis facility.

Timestampingventswithin thecontrolleris essentiain understandinthetempo-
ral behaior of suchacomplex multi-taskingsensotbasedsystem.lt is alsodesirable
thatthe mechanisnhaslow overheadsoasnotto impacton systemperformance A
novel timing boardhasbeendevelopedthat provides,via one 32-bit register a count
of video lines sincemidnight. Eachvideo line is 64ps andthis providesadequate
timing resolution,but moreimportantly sincethe countis derived from MAXBUS
horizontalsynchronizatiorsignalsit givesa time valuewhich canbedirectly related
to the videowaveform. The time value canbe readily corvertedinto framenumber
field number field type (odd or even) andline numberwithin the field or frame, as
well asinto corventionalunits suchastime of dayin hours,minutesandsecondsA
comprehensk group of macrosandfunctionsis provided to performtheseconver-
sions. For dehuggingandperformancenalysishis allows the timing of eventswith
respecto thevideowaveformto bepreciselydetermined.

6.3 Kinematics of cameramount and lens

Thissectionanalyse$wo importantmappingsn theexperimentalisualseno system.
Thefirst is the the mappingbetweenrobot wrist motion and motion of the camera
whichis afunctionof thekinematicsof the cameramountingonthe end-efector. The

seconds the mappingbetweercameramnotionor targetmotionandperceved motion

ontheimageplane.

6.3.1 Cameramount kinematics

To simplify analysisit is desirableto mountthe camerasuchthat cameraDOF are
controlledindividually by robotwrist axes. Thefundamentatequirements to control
the cameras rotationalvelocity in the cameras coordinateframe. Traditionally the
termscameragpan andtilt areusedto describecamerarotationalmotion. In robotic
terminologythesearerespectrely yaw andpitch motion. Using the standarccamera
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coordinateframeof Figure 3.25the rotationalratesmay be expressedas wyjj; = “wy
andwpan = ‘wy.
Paul andZhang[202] give the manipulators Jacobianin the Tg or wrist frame,as

tg _[J1n O
JG(Q) - [ Jo1 Joo :| (6-1)
wherelJ,, describe®nd-efector rotationdueto wrist axis motion,andJ,; describes
rotationof theend-efectordueto baseaxismotionwhichis assumeaeroin thiscase.
Considetthecameranountarrangemerghavn in Figure6.9wherethecamerdrame
hassimply beentranslatedalongthe Zg axis. Rotationalvelocity of the camerais
equalto thewrist'srotationalvelocity. For givenpan/tiltmotion,andusingtheinverse
Jacobiargivenby PaulandZhang therequiredjoint ratescanbe shavn to be

(8] 1] S G
HE -k o

which hastwo undesirableharacteristicskirstly, it is singularfor 85 = 0 whichis in
themiddle of the desiredworkspaceandwill be poorly conditionedfor cameragaze
directionsin a conearoundthejoint 4 axis,Z3. Secondlythereis considerableross-
couplingwhich requiresthe motion of 3 wrist axesto controlthe required2-DOF of
thecamera.

The cameramountingarrangemenshown in Figures6.10and6.11 canbe seen
intuitivelyto couplecamergpanandtilt motionto wrist axes6 and5 respectiely. The
transformatiorfrom the T frameto cameraramewasgivenin (4.73)andallowsthe
cameraposerate to be written in termsof a constantJacobiarandthe manipulator
Jacobian

X = ©J536(0)0 (6.3)
10 0] 0 121 -20
00 -1| -20 0 0
lo1 o]-121 0 of[d 07,
= |00 o] 1 0 o0 [321 322]9 (6.4)
00 0/ 0 o0 -1
o0 0o/ 0 1 0O

With joints 1—4stationary64 = 0, thisresultsin

[g;;]:_[% 2“32] (6.5)
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Figure6.9: A simplecameramount.

Figure6.10: Cameramountusedin thiswork. In this posefg ~ —T11/2.
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Figure6.11: Photograplof cameramountingarrangement.

which shaws thatthe cameraDOF are indeedindependentlycontrolledby the wrist
axes5 and6. Rearrangingo theform

6s]_ [ & O7[ wa

[ 05 ] B [ 0 1 Wpan (6:6)
shavsthatasingularityoccurswhenSs = 0 butthisis attheedgeof thework envelope
andis not a significantproblem. As shavn in Figure6.10the normalworking pose

is with 8¢ & T1/2. Cameraoll, thatis rotationaboutthe opticalaxis, is not controlled
andtheroll ratecanbe shavn to be

Gyoll = —CeBs (6.7)

For fixation motion wherethe tamget's centroidis maintainedat the principal point
on the imageplane,cameraroll is of no significance.The only disadwantageof this
mountingschemeis thatit is possiblefor the cameraandits mountto collide with
links 3 and4, particularlywhenthe cameras tilted upward.
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6.3.2 Modelling the lens

In avisualsenoing systenthelensintroducesagainrelatingchangesn targetposeto
changeé imageplanedisplacementChangedn thisgainwill affecttheperformance
andstability of the closed-loopsystem.

For fixation by translationthe lensgain relatescameraranslationto imageplane
translation. Thesmall-signabainof thelensis givenby the Jacobiamatrix®, 9'X /%,
where'X = ('X,'Y) and®x is thetarget's relative pose. Recallingthe lensequations
expressedn pixels(3.66)and(3.67)

iy = Oxf% iy = %
X_Czt_f—i—Xo, Y_Czt—f+Y0 (6.8)
thelensgainis suchthat
. . C
ox 1 _ ox | 3] 69)
oy f oy f % 0%%
0 —
Cz—f Cz _f)2
= [ 0wt o || O (6.10)
=t (a-1)? 0°z

The rightmostcolumn of the Jacobiangivesthe componenbf imageplane motion
dueto perspectie dilationandcontractionwhichwill beignoredheresincemotionin

aplanenormalto the opticalaxisis assumedThelenscanthusbe modelledin terms
of two, distancedependenigainterms

6IX _ K|ens( O 6CXt
|: 6IY :| B |: O K|en$ 6C}/t (6.11)
where ¢ ¢
_ _Ox _ Oy
Klens( - CZt——f’ KIen@ - CZt——f (6-12)

For brevity, theremaindenf this developmentwill bein termsof theX-directiononly.
If thetargetdistancds large,°z > f, thelensgain

Oy f
Kiens ~ — (6.13)

z
is stronglydependentn targetdistance.
An alternatve fixation stratey is to control cameraorientation,sothatlensgain
relatesrelative camerarotation, or bearingangle,to image planetranslation. The

5A simpleimageJacobiarasintroducedn Section5.4.
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Figure6.12: Tamgetlocationin termsof bearingangle.For rotationalfixationit is
advantageouto considerthetamgetpose x asabearingangleby = x/z.

small-signalgain of the lensin this caseis given by the Jacobiarmatrix, 9'X /%8,
where, is thetamget'srelative bearingasshavn in Figure6.12.From(3.66)we may

write c .
i Oy f Cx tan©6;

6.14
For small®8;, asit would be duringfixation, tan®6; ~ ©6; andthelensgainis
X  oxfz
Kiens, = a6, = ¥ (6.15)
For alargetagetdistance’z >> f, thelensgain
Kieng ~ Ox f (6.16)

is independentf thetargetdistanceandtheimageplanecoordinatds proportionalto
thebearingangle.

With the simplelensshavn in Figure3.5it is possibleto imaginethe lensbeing
rotatedsoasto keepthe opticalaxis, for instancepointedat the target. However for
the compoundensusedin practicethe situationis not so simple. It is not possible
to simply replacethe compoundenswith anequialentsimplelensatits lensplane.
With themechanicatameramountingshovn in Figure4.11theaxisof rotationpasses
throughthe body of the cameraat a point determinedyy the cameramountinghole.
An exaggeratedepresentatiois shavn in Figure6.13for atargetatdistancd which
subtendsan angle®6; atthe lens,andwhere8. the angleof camerarotation. What
is unknawn is the point in the lenssystemdistancer from the camerarotationaxis,
aboutwhich the targetappeargo rotate. This pointis known asthe nodal point of
the lensandis not generallygiven by the lens manufacturer It may be determined
experimentallyusinga nodalslide.
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target
SIITCe

T -optial____

N (nodal point) axis

Figure6.13: Lenscenterof rotation. The camerarotatesaboutthe point O, but
the imageof the target rotatesaboutthe point N. 6. and®6; areequivalentto X,
andx; respectiely.

Application of the sinerule to the geometryshavn in Figure 6.13resultsin the
relationship
| SinB¢

tan®gy = ——
o | coPe —r

(6.17)
betweerthetwo anglesandit is clearthat®®; > 6. if r > 0.

For rotationalfixation the lensgain mustbe redefinedasthe apparenshift of the
targetto rotationof thecamean aboutits axissincethatis thevariablebeingcontrolled.

Thus ) .
dX d'X d°

Kiens = o, = a6, o, (6.18)
andsubstitutingfrom (6.16)gives
de6,
K|ens( == faxd—ec (619)
[ (I —rcosB)

= 6.20
r2412—2lr cosBe ( )

For smallcameraotations,cosf; = 1, thelensgain

|

K|ens( = fuxm (621)

is dependentn targetdistance put this dependencis weakerthanthe casefor pure
translationamotion, (6.13). In experimentghe lensgainhasbeenobseredto lie in
the range700to 730pixel/rad dependingon cameradistancefrom the target. This
is considerablyhigherthanthe valueof Kjeng = 0xf = 634pixel/radexpectedfrom
(6.16), suggestinghat the effect describedby (6.21) is significantfor theseexperi-
mentsin which thetagetis relatively closeto the camera.Suchexperimentscanbe
usedto estimatethe nodalpoint: an experimentmeasured|ens= 724pixel/radand
| = 610mm, from which the effective radiusis determinedo ber = 86mm. This
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placesthe nodalpoint at approximatelythe glasssurfaceon the front of thelens. It is
possibleto rotatethe cameraaboutits nodalpoint— this simply requirescoordinated
motionof all six manipulatotaxes. However doingsowould cloudthe centralinvesti-
gationsincetheresultingmotionwould be a complex functionof thedynamicsof all
six axes.

6.4 Visual feedbackcontrol

The underlyingrobotcontrolleracceptsabsolutepositionsetpointcommanddut the
vision sensoiprovidesrelative positioninformation. In generaldueto limited torque
capabilitiesthe robotwill be unableto reachan arbitrarytarget positionwithin one
setpointinterval and thus requiressome'planned’ motion over mary intervals. In
roboticsthisis thewell known trajectorygeneratiorproblem[199], but thatapproach
hasa numberof disadwantagesn this situation:

1. to ensurésmooth'motionover mary setpointintervalsit is necessaryo explic-
itly control robot acceleratioranddeceleration.Technique$asedon polyno-
mial trajectoriesarewell known, but addcompleity to thecontrol.

2. thetarget may move while the robotis moving towardits previousgoal. This
necessitatesvaluationof a new pathwhile maintainingcontinuity of position
andits time derivatives. Suchanapproacthasbeenusedby Feddemd91] and
Houshang[124].

A far simplerapproachs to considerthe positioningtaskasa control problem:
perceved errorgenerates velocity demandvhich movestherobottowardthetarget.
This resultsautomaticallyin tamgetfollowing behaiour, but withoutthe compleities
of anexplicit trajectorygeneratarThis behaiour is analogougo theway we control
carsandboatswithin anunstructureekrnvironment:we do not computea sequencef
precisespatiallocations but rathera velocitywhichis continuallycorrectedsteering)
onthebasisof sensoryinputsuntil thegoalis achieved.

A simplevisual control stratgy suchasfixation canbe basedn feedbackof the
centroidof asinglevisualfeature

) ixX — de
Xg=F [ V) ] (6.22)

whereF is a 6 x 2 matrix which selectshow the robot's pose,, is adjustedbased
on obsered, ('X,'Y), anddesired(' X4, Yq) imageplanecentroid. A singlecentroid
provides only two ‘pieces' of informationwhich can be usedto control two robot
DOF As describedn the previous chapteradditionalimagefeaturescanbe usedto
controlagreatemumberof CartesialDOF In someearlierwork by theauthor{62,65]
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thecamerawvastranslatedso asto keepthetametcenteredn thefield of view. In this
chapter in orderto achieve higher performancethe last two axes of the robot are
treatedasanautonomousamerdpan/tilt’ mechanisnsince:

o relatively smallrotationalmotionis requiredto follow large objectexcursions;
o theeffective field of view is muchgreater;

o from Table2.21it is clearthatfor thePuma560thewrist axeshave significantly
greatewelocity andacceleratiorcapability;

e it is moreefficient to acceleratenly the cameranot the massie links of the
robot.

Visualfixation by rotationmay be achieved by a proportionalcontrol stratgy, where
(6.22)is writtenas

0 0
o o |

e _ | 0 0 |[ix=ixg

=1 o Ky || iv_ivg (6.23)
Ke, O
0 0

This control approachproducesa poserate demandthat, for a position-contolled
robot,mustbeintegratedto determingherobotjoint anglesetpoints Theintegration
maybeperformedn Cartesiaror joint spaceln theformer, desiredCartesiarvelocity
is integrated

&I/&m (6.24)
andthe correspondingpint positionsobtainedusinginversekinematics
_Kk-1
q,= K™ (xg) (6.25)

This techniquehasbeenusedto implementfixation basedon cameraranslation62,
65], wherethefirst threerobotaxescontrolmotionof the cameran a planenormalto
theopticalaxis.

Alternatively theCartesiarvelocity demandcanberesolvedo joint velocity [277]
demand

G, =496 (9) X (6.26)

andthenintegrated
%:/%m (6.27)

The latterform (6.26)is lessrobustsincenumericalerrorsin the computediacobian
resultin aCartesiarvelocityslightly differentfrom thatdemanded;ausingherobot's
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Image plane

v

Figure 6.14: Coordinateand sign corventions. Note that cameraangle, ¢, is
equalto robotanglex;.

poseto drift slowly with time. For thoseCartesianDOF with visual feedbackthe
drift will becontrolled,but asobseredexperimentallyin planarvisual senoing, the
camerarifts slowly normalto thecontrolplaneandchange®rientation.ThoseDOF
notvisually controlledwould requiresomeform of Cartesiarpositioncontrolloopto
arrestthe drift, whereaghe approach(6.24)is free from drift. Visual control using
(6.26)and(6.27)is describedn Section8.2.

The principal objective of this sectionis to understandhe interactionof vision
systemandrobotelectro-mechanicalynamics.To simplify thistaskonly onecamera
DOF will be controlledandit is desirablethat the DOF be driven by only a single
robotaxis, preferablyonewhosedynamicscharacteristicarewell understoodJoint
6 wasmodelledin somedetailin Chapter2 andwill be usedto actuatehe cameran
theexperimentgescribedFor 2-DOF camerecontroldescribedn Section7.5it will
beassumedhatthejoint 5 dynamicsaresimilar to thoseof joint 6.

Throughoutthis chapterthe symbolsx, andx will be usedto denoterobotand
targetposerespectiely. Howeverfor 1-DOF controlthesewill bescalarandmaybe
interpretecasbearinganglesseeFigure6.12.
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Figure6.15: Block diagramof the 1-DOF visualfeedbaclksystemx; is theworld
coordinatdocationof thetaget, and' Xy is the desiredocationof the targeton
theimageplane.Notethetwo samplersn this system.

6.4.1 Control structure

The structureof the 1-DOF visual feedbackcontrolleris shovn in Figure6.15. The
targetandrobotpose x. andx; respectrely, areangulardisplacements this exper
imentandFigure6.14shaws the coordinateandsign conventionsused. Theleftmost
summingjunction representghe action of the end-efector mountedsensorwhich
measureselative position,thatis, thetamet positionwith respecto the end-efector
The secondsummingjunctionallows areferencenputto setthe desiredmage-plane
locationof thetarget's centroid. Theintegrator (6.24),corvertsthevisuallygenerated
velocity demandnto a positionsetpointsuitablefor transmissiorio therobot'sdigital
positionloops. Theinversekinematicgequiredby (6.25)aretrivial in this case(6.6),
dueto the cameramountingarrangementised. The block labelledGg;yq(S) repre-
sentsthe mechanicatlynamicsof the transmissiorand manipulatordink. Discussion
of thisissuewill bedeferreduntil Section3.1.4.

The systemis multi-rate since the robot tasksand the axis controller are con-
strainedby the Unimation position senos to operateat a T, = 14ms period, while
vision processings constrainedo a Ty, = 20msperiodwhich is the CCIR videofield
time. Thenotationz = € andz, = eV will beusedthroughouthis section.

The controlleris implementedy a shortprogramwhich makesuseof the RTVL
andARCL libraries. In termsof implementatiork, is a scalarglobalvariableshared
betweenthe vision and robot codemodules. This represents simple but effective
way of linking the subsystemsunningat differentsamplerates.
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Figure6.16: Photograplof squarewvave responséestconfiguration.Smallpanel
onthefarwall containghetwo LEDs.

ﬂ \ 100mm
|| | [ H- 5 e
| /

Figure6.17: Experimentaketupfor stepresponseests.

6.4.2 “Black box” experiments

In thisexperimenthetargetpositionis a'visualsquarevave' contrivedby alternating
two LEDs asshown in Figures6.17 and6.16. The LEDs are spacedLl00mm apart
and alternateat a low frequeny, belov 1Hz. The visual serwing systemcontrols
the orientationof the end-efector mountedcameraso asto keepthe imageof the
illuminated LED at the desiredcoordinateon the imageplane. Only oneaxis, joint

6, is controlledand the magnitudeof the rotationis approximately0.17radl. The
resultantsquarewave respons@rovidesa usefulmeasureof the closed-loopsystem
performance. The controller proportionalgain was setempirically on the basisof
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Figure 6.18: Measuredesponseo 'visual step' demand(dashed)shaowing the
earliestandlatestresponsesbsened. Variationis dueto the the multi-rate dis-
cretetime natureof the controller (Kp = 1.3 x 1074, Kjens= 708)

obsenedstepresponse.

The visual sernwing systemmay be consideredas a 'black box', whoseinputis
thesquarevave signalto the LEDs andoutputis therobot'smotoranglemeasuredy
meansof its quadratureencodersignals. The input andoutputsignalswerefed to an
FFT analyzerto examinethe closed-loopresponse Figure 6.18 shavs experimental
resultsfor motor positionresponseo the squarewave visualinput. The two curves
shaw the earliestandlatestresponsesbsenred. It canbe seenthatthereis consider
able delaybetweenthe changein visual demandandthe onsetof robot motion and
thatthis delayis not constant.This variationis an artifactof the multi-rate discrete-
time natureof the system.The delaydependsiponwhenthe excitation occurswith
respecto the two samplershavn in Figure6.15. Detailedexaminationof the data
for Figure6.18shavs thatthe earliestresponsés delayedby 42ms andthelatestby
78ms. Assuminga uniformdistribution of delaythe meanis 60ms.

The FFT analyzercanalsobe usedto estimatethe transferfunctionof the closed-
loop systemandthisis shovn in Figure6.19. Thetransferfunctionis computecbver
mary cyclesandthusreflectsthe ‘average'characteristic®f the systemratherthan
thecycle by cycle variationobseredin thetime responseThereis evidenceof alow
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Figure6.19: Measurecatlosed-loogrequeng responsef single-axisvisualseno
system X, (jw)/X(jw) for 'visual squarewave' excitation. The periodicdipsin
themagnituderesponsaredueto thelack of excitationat thesefrequenciessa
resultof the squarewave systeminput. (Kp = 1.3 x 1074, Kjgns= 708)

frequeng poleatapproximately2 Hz, andthe phaseesponseshaons evidenceof time
delay A linearfrequenyg phaseplot is shavn in Figure6.20alongwith a regression
fit line. Thisline correspondso a delayof 58.0mswhich agreeswvell with the mean
delayestimatedrom the stepresponseneasurements.

6.4.3 Modelling systemdynamics

Giventhe experimentalresultsjust describedthis sectiondevelopsa detailedmodel
of the closed-loopsystemwhich can predictthe obsered responses.This exercise
will build uponthe previously developedaxisdynamicmodels aswell asknowvledge
of the lens, vision systemand controllerarchitecture. The resultsof the modelling
exercisewill be usedto identify shortcomingsn the presentsystemandleadto the
developmentof more sophisticatedrisual seno controllers. A block diagramof the
visual seno controllerfor oneaxiswasgivenin Figure6.15. Figure6.21 shavs the
overalltiming of thetwo discrete-timesubsystemsndthe communicationbetween
them.
The effective gain of the optical system K¢ns for rotationalvisual senoing is
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Figure6.20: Measureatlosed-loophaseaesponsenlinearfrequeng scale.The
superimposedegressiorfit hasa slopeof 20.9dey/Hz correspondingo a delay
of 58.0ms Theline is fitted over the range0 to 14Hz andassumeshatthe line
passeshrough-9C° asit would for asinglepole.

given by (6.21) and was measuredor this experimentas 708pixel/rad A CCD

cameraypically responddo theintegral of scendntensityover the samplingperiod,
whereaganidealtemporakamplerasassumedh discretdime controldesignreflects
the stateof the obseredsystemonly at thesamplinginstant.With a sufficiently short
exposuretime a CCD cameramay be usedto approximatadealtemporalsampling.

Figure3.14shaws detailsof the exposuretiming with respecto the videowaveform
whichis aneffective timing datum.

Theimageis transmittecpixel seriallyto thevision systemwhich processesnage
data'on thefly'. Overlappingdatatransferandprocessingeducedateng to themin-
imum possible.Centroiddatais availableassoonasthe region hasbeencompletely
rasterscannednto thevision systematatime whichis dependenvntheY coordinate
of theregion. Suchvariabletiming is not desirablein a control systemsothe region
centroiddatais helduntil thefollowing videoblankinginterval. Thusthe cameraand
vision processingnay bemodelledasa singletime stepdelay

V(@) = F (6.28)
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paralleltimelinesrepresenthetwo discrete-timgrocessesvolvedin imagepro-
cessingandrobotcontrol.

asindicatedin Figure6.15.

The outputof thevision subsystenis theimageplanepixel errorwhichis inputto
acompensatoiD(z,), whoseoutputis the task-spacéCartesianyelocity command,
X4- In this sectionsimpleproportionalcontrolis used

D(z) = Kp (6.29)

A variabledelay from 0 to 14ms,is introducedbetweerthe outputof thevision sub-
systemandactionbeingtakenby therobotcontrolprocessdueto theasynchronous
natureof thetwo processes.

Figure6.4shavsthattherobotcontrolsoftwareémplementsasynchronougipeline
passingdatafrom trajectorygeneratoto the axis controller Theintegrationandin-
versekinematicsoccupyonetime 'slot' andthe positiondemands forwardedto the
axiscontrolleratthe next time step.This'doublehandling' of thedatawasdiscussed
in Section6.2.3andintroducesan additionaldelay The combineddelay andinte-
gration,implementedy the'C' program,canbewritten in differenceequationform
as

Xd, = Xd 1 + Xy 1 (6.30)

or asthetransferfunction
I zmteg(zi ) z—1 ( )
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Figure6.22: SIMULINK modelof the 1-DOFvisualfeedbaclcontroller

Notethattheintegratorasimplementeds scaledvhencomparedo thetransferfunc-
tion of a'ForwardRectangulaRule' [95] integratorT /(z— 1) — thisis anhistorical
anomaly

From Section2.3.6 we know that the axis controllerwill alwaysendesour to
move to the demandegbositionwithin onesetpointtime interval, dueto the actionof
thepositioninterpolator For 'small’ motionrequeststhatis thosewithin thevelocity
andacceleratioimits of theaxis,theaxisbehaiour maybemodelledasa puredelay

Rseno(Z ) = % (6.32)

allowing therobotandintegratorto be modelledas

1
Rz)=——— 6.33
(z) A @ =D (6.33)
The SIMULINK modelof Figure6.22is adetailedrepresentationf themulti-rate
systemgivenin Figure 6.15, but ignoring manipulatorstructuraldynamiceffects by
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Figure6.23: Multi-rate samplingexample, Ty = 20andT, = 14.

assuminghatGgyq(S) = 1. This modelis basedbn themodelsPOSLOOPVLOOP
andLMOTOR andparametewvaluesestablishedh Section2.3. The stepresponsesf
themeasuredystemandthe modelareshavn togetheiin Figure6.26alongwith that
of asingle-rateapproximatiordevelopedater Themodelresponsés boundeddy the
measurecearlyandlateresponseandupto 0.16sis parallelto the earlyresponséut
laggingby around9ms. This lag is dueto the samplersn the simulationnot being
synchronizedvith thosein themeasuredystem.Themodelresponsés slightly more
dampedhanthemeasuredesponses.

6.4.4 The effectof multi-rate sampling

Multi-rate systemsn whichtheratesarenotintegrally relatedaredifficult to analyze,
andthis topic is generallygiven only cursorytreatmenin textbooks. In this section
a ratherpragmaticapproachwill be takento modellingthe multi-rate samplersasa
singleratesampleplusatime delay While nota preciseanalysist doescapturegshe
dominantor 'first order' characteristicef thesystem.

A samplemwith interval T will sampleattimesiT wherei is aninteger. An edge
attimet will propagatehrougha singlesamplerattime

tr = Tceil (;) (6.34)

whereceil(x) returnsanintegeri suchthati > x. Thisimpliesthatanedgeoccurring
attheactualsamplinginstantwill be propagatedmmediately

Considerthe exampleshovn in Figure6.23which comprisegwo cascadedam-
plersoperatingat intervals of T; and T, respectiely. An edgeoccurringat time tg
propagateshroughthefirst andsecondsamplersattimest; andt, respecirely. From
(6.34)we maywrite

t1. = Tcell <t£> (6.35)
T1

t,, = Tycell <t—l> (6.36)
T2

N = to—tg (6.37)

N1 = th—1g (6.38)
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Figure6.24: Analysisof samplingtime delayA;1 for the casewhereT; = 20ms
andT, = 14ms. Top shavsvariationin delayversussamplingtime (meanof 6ms
shavn dashed)while bottomshows probability distribution.

wherelyg is the delayof the edgefrom input to output,andA;; is the delayof the
edgethroughthe secondsampler A numericalsimulationof the delayfor thevisual
seno controlcasewhereT; = 20msandT, = 14mshasbeenconductedFigures6.24
and 6.25 shav Ay and Ayp respectiely, alongwith the correspondingprobability
distributionsof thedelays.Both delayfunctionsareperiodic,with a periodof 140ms

the leastcommonmultiple of 14 and 20. The meandelay values,markedon the
delayplots, are Ayp = 16msand/Ay; = 6ms However the meandelayis sensitve
to therelative 'phasing’ of the samplersandfurther simulationshowvs thatA; varies
periodicallybetweert and8 msasphaseshift betweerthesamplerss increasedThe
meanof Ap1 over all phaseshiftsis one-halfthe samplerinterval, or 7ms.

Clearly the principal effect of multi-rate samplingis to introducea small time
delay Thetwo samplersnaybe approximatedy a singlesampleranda delayin the
range6 to 8msdependingon phasingwhichis unknovn®. Assuminga samplerelay
of 7mscombinedwith thealreadyidentifieddelayssuchas20msfor pixel transport,
14msseno communicationand14msrobotmotiondelay thetotal lateng is 55ms

6Sincethetwo samplingorocessearecontrolledby separateandunsynchronizedlocksit is likely that
thephasingwill varywith time.
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This is consistentvith earlierestimate®f 58msand60msdelay Furtherrefinement
is possibleby accountingor furthermulti-rateeffectsbetweerthe 14msrobotcontrol
processandthe 980usdigital seno boardprocessbut thiswill notbepursuedurther.

6.4.5 A single-ratemodel

To simplify analysighesystemmaybeapproximatedy asingle-ratenodeloperating
with a samplinginterval of T,. As implemented/(z) andD(z) alreadyoperateat Ty,
but it is necessarjo expresstherobotdynamicsR(z), atthis samplinginterval

R(z)

X

1
AT (6.39)
11 T

T2 T (6.40)
11 W (6.41)

Tr Z(Z\/_l)
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wherethe rightmostterm, the integrator hasbeenchangedrom the robot sample
interval to the visualsampleinterval, andthe unit delay T, hasbeenapproximatedy
Ty. Introducingthe notationz = z, theopen-looptransferfunctionmaybewritten as

Kiens 11 Ty
V(2D(2R = Kpe — —— 6.42
(2D(2R(2) A Sy (6.42)
KpKIens Tv
= — 6.43
2(z-1)T; (643)
Theresultingsingle-rateclosed-loogransferfunctionis
X (2) K
= 6.44
(2 ZB-Z2+K (6-44)
where T
K= T_Vr<pr<|ens (6.45)
r

The overall delayis Ord(denominatoy — Ord(numeratoy, in this casethreesample
periodsor 60ms FromFigure6.21it canbe seenthatthesearedueto pixel trans-
port, velocity computatiorandseno responseThis 60msdelayagreeswith previous
obsenationsof lateny andthe stepresponsef this model,shavn in Figure6.26,is
seerto beboundedy themeasure@arlyandlateresponsesThesinglerateresponse
startscloseto the early responseand finishescloserto the late responseshawing
thatit hascapturedhe'average'characteristiof thereal system.This modelis also
slightly more dampedthan the measuredesponses.The model (6.44)is the same
asthat determinedoy Corke and Good [62] for the caseof multi-axis translational
fixation.

Thesingle-rateopen-loopmodel(6.43)canbeusedfor stability analysisaswell as
state-estimatoand controllerdesignusingclassicaldigital controltheory Theroot-
locusdiagramin Figure6.27 shavs thatfor the known gain setting,K = 0.132, the
polesarelocatedat z= 0.789,0.528 and —0.316. The dominantpole corresponds
to afrequeng of 1.9Hz whichis in goodagreementvith the estimateof 2Hz made
earlier This poleis very sensitve to changesn loop gain suchasthosecausedy
variationin tamgetdistance.Figure6.28shavs the Bodeplot of the singleratemodel
overlaid on the experimentallydeterminedrequeng responsdunctionfrom Section
6.4.2.

6.4.6 The effectof camerashutter interval

Section3.3.3discussethe effect of motion blur in termsof shapedistortionandlag-
ging centroidestimate. Figure6.29shavs very clearlythatwith anexposureinterval
of 20ms the apparentareaof the LED tamet is increasedduring the high velocity
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with measuredrequeng responsédotted)overlaid. Notetheconsiderabl@hase
errorfor moderatdrequeny demandseg. 1Hz. (Kp = 1.3x 1074, Kjens= 708)

phaseof thefixation motion. The camerarotationrateis 1.5radl/s andhasincreased
theapparentareaby afactorof 2.6. Thecircularity, (4.11),alsodropsto 0.76from its
normalvalueof 1.0 asthetargetimagebecomeslongated.The experimentalisual
seno systemusessimple criteriato identify the target region from otherregionsin
the scenepsuallyon the basisof areaandcircularity. Thesecriteriamustbe relaxed
in orderthatthe controllerdoesnot 'lose sight' of thetargetwhenits apparenshape
changesodramatically

The othereffect of motionblur is to introducea lagging centroidestimate. This
will alter the dynamicsof the closed-loopsystemby increasingopen-looplateng.
Figure6.30shows thatthe increasedateny hashadthe expected destabilizing'ef-
fect, resultingin increasedvershoot.

6.4.7 The effectof target range

Section6.3.2shavedthatavisualserwing systemintroducesatargetdistancedepen-
dentgaindueto the lens,which will affectthe loop gainandstability of the closed-
loop system. Few reportson visual senoing discussthis effect, but muchwork is
performedwith fixedcamera-tayetdistances— perhapsiueto focusor depthof field
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Figure 6.29: Measurecdeffect of motion blur on apparentamet areafor 'long’

exposureintenval (Te = 20ms). The lower plot shavs the camerapananglein
responseo a stepchangein tamget position; the apparentamet areaat corre-
spondingtimesis showvn in the upperplot. During the highest-elocity motion
apparenareaof the LED tamethasincreasedy afactorof 2.6.

problems. This issueis mentionedby Dzialo and Schalkof [81] in the control of a
pan-tilt camerahead.Experimentatesults for the caseof translationafixation, have
beenreportedby CorkeandGood[62]. Pool[206] recognizedhis problemin thecit-
ruspickingapplication astherobotapproachethefruit, andusedanultrasonicsensor
to measureangein orderto modify thevisualloop gainduringapproachmotion.
Measuredstepresponse$or differentcamera-objeatistancesareshavn in Fig-
ure6.31. Theincreasedoop gainfor low tamgetrangeresultsin increasedvershoot.
In this experiment,with rotationalfixation motion, the distancedependences weak.
With translationalfixation this effect is much more pronounced62]. An adaptve
controlleror a self-tuningregulator could maintainthe desireddynamicresponses
target distancechangedandthe parameteralueswould be a function of targetdis-
tance.Thisintroducedhe possibilityof determiningobjectdistancgrom closed-loop
dynamicsusinga singlecameraandwithout prior knowledgeof objectsize.
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Figure 6.30: Measuredstepresponsesor exposureintenals of 2ms, 8ms and
20ms The responseébecomedanore oscillatory as the exposureintenal is in-
creasedConditionsareobjectrange460mmandKp = 1.4 x 1074,

6.4.8 Comparisonwith joint control schemes

Thevisual seno controllerandthe corventionalaxis positioncontrollerdescribedn
Section2.3.6 both employ a sensomwhich quantizegpositioninto unit steps: either
pixels or encodercounts. For the joint 6 visual seno experimentdescribedn this
section,andignoring centerof rotationissuespnepixel correspondo

1

lpixel = (6.46)
KIens
1

= — 6.47

i (6.47)

= 1.6x 10 %radl (6.48)

Increasedangularresolutioncanbe obtainedby increasinghe focal length, f, of the
lens, but at the expenseof reducedfield of view. The angularresolutionof the axis
positioncontrolleris determinedyy the encoderpitch which is summarizedn Table
2.19.

2t 1

lencoder = —
Nenc G6

(6.49)
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Figure 6.31: Measuredstepresponsdor target rangesof 395mm, 470mm and
890mm. Theresponsdecomesnoreoscillatoryasthetargetrangeis decreased.

= 1.6x 10 %radl (6.50)

which is one order of magnitudebetterthanthe visual seno, andthis axis hasthe
poorestencoderresolution.However the vision systemcanachieve somemeasuref
sub-pixel precisionaswasdiscussedn Section4.1.3. Comparableaccurag with the
axis position controllerwould be obtainedif the centroidestimatewere accurateto
0.1pixel. At the 3o confidencdevel

30x, =0.1 (6.51)
whichfrom (4.53)would beachievedfor acirculartamgetwith adiametergreateithan
40pixels

6.4.9 Summary

This sectionhasinvestigatedn considerablaletail the operationof a single DOF
visual-feedbackontrolsystem With simpleproportionalcontrolit hasbeenpossible
to demonstratestableand high-speednotion control at ratesapproachinghe limits
establishedn Chapter2. This hasprovidedinsightsinto the interactionbetweerthe
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dynamiccharacteristicsf therobot,its controller andthe vision system.Thevisual
seno systemhasbeenmodelledin somedetailandthe modelvalidatedagainsexper

imentalresults. The actualsystemis multi-rate, which complicatesanalysis,but an
effective single-rateapproximatiorhasbeendevelopedthat comparesvell in terms
of time andfrequenyg response.The multi-rate samplingprocessvasanalyzedand
shawvn to have afirst-ordercharacteristi¢hatis a constantielay A numberof system
characteristicthataffect thedynamicresponséave beeninvestigatedncludinglens
centerof rotation,exposureinterval andtargetrange.

The experimentalsystemdescribeds well suitedfor this applicationandis able
to minimize delay by overlappingserial pixel transportandimage processing.De-
spitethis, the dominantdynamiccharacteristicemainsdelay dueto pixel transport,
computatiorandfinite motiontime. Someenhancement® the architecturearepos-
sible which will reducedelaybut it cannotbe entirely eliminated. The next chapter
will investigatenoresophisticated¢ontrollersandevaluatethemin termsof a defined
performancenetric.



Chapter 7

Control designand
performance

Most reportedvisual seno systemsdo not performaswell aswould be expectedor
desired. The mostohvious characteristicare slownessof motion, lag with respect
to taget motion, andoften significantjitter or shakinessAll of thesecharacteristics
areindicative of poorly designedcontrol systemsjnappropriatecontrolarchitectures
or both. This chapterfocussen issuesof control systemperformanceanddesign:
definingthecontrolsystemgproblem,definingperformanceneasuresandcomparing
anumberof differentcontroltechniquedor challengingargetmotion.

As shawn in the previouschaptergnachinevision hasa numberof significantdis-
adwantagesvhenusedasa feedbacksensor:arelatively low samplerate, significant
lateny (oneor moresamplantervals)andcoarsegquantization While thesecharacter
istics presenta challengefor the designof high-performancenotion control systems
they arenotinsurmountable.

Lateng is themostsignificantdynamiccharacteristiandits sourcesasdiscussed
previously, include: transportdelay of pixels from camerato vision system,image
processinglgorithms communicationdetweervision systemandcontrolcomputer
control algorithmsoftware,and communicationsvith the robot. In fact problemsof
delayin visual seno systemswerefirst notedover 15 yearsago[116]. If the target
motion is constanthenpredictioncan be usedto compensatéor lateng, but com-
binedwith alow samplerate resultsin poor disturbanceejectionandlong reaction
timeto target'maneuers’, thatis, unmodelednotion. Graspingobjectsonacorveyor
belt[290] or amoving train [7] arehoweverideal applicationdor prediction.

Franklin[95] suggestshatthesamplerateof adigital controlsystenbebetweert
and20timesthedesiredclosed-loophandwidth.For the caseof a 50Hz vision system
this implies that a closed-loopbandwidthbetween2.5Hz and 12Hz is achie/able.

211
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Figure7.1: Systenmblock diagramof of avisualfeedbaclcontrolsystenmshaving
tamgetmotionasdisturbanceénput.

Thatsofew reportedsystemsachiee this leadsto the conclusionthatthe wholearea
of dynamicmodellingandcontroldesignhas,to date,beenlargely overlooked.

7.1 Control formulation

Two usefultransferfunctionscanbewritten for thevisualseno systenof Figure7.1.
The responsef imageplanecentroidto demandecatentroidis givenby the transfer
function

'X(2) _ _V(2R@2D(@)
%@ ~ T+V(ZRED( 7
andsubstituting(6.28),(6.33),andD(z) = Dn(z)/Dp(2) resultsin
ix(z) KlensTDN(Z) (7.2)

iX4(2) - 72(2—1)Dp(2) + KjensT Dn(2)

Jang[134] hasshavn how taskscanbe expressedn termsof imageplanefeature
trajectories,' Xq(t), for which this image planereference-follaing performances
significant. _ _
For afixation task,where'Xy is constant,X(z) /% (2 describegheimageplane
errorresponseo tamgetmotion,andis givenby
[
Xz _ V(@ 73
%(2) 1+V(2R(z)D(2)
_ KienZ(z—1)Dp(2) (7.4)
22(z—1)Dp(2) + Kiendn(2) '

where X=Xy — X is theimageplaneerrorand'Xy is assumedfor corvenienceto
bezero.Themotionof thetarget,x, canbeconsiderea disturbancénputandideally
the disturbanceesponse} X{z) /% (z)|, would be zero. However with the previously
identifieddynamicst is nonzeroandriseswith frequeng. To obtainbettertracking
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performancét is necessaryo reduce|' X{z) /% (z)| over thetargetmotion'sfrequeny
range.

The steady-statealue of theimageplaneerror for a giventarget motion, X (z),
canbefoundby thefinal-valuetheorem

limiXt) = lim (z-1)'X{2) (7.5)
— i V(2
= lim(z-1) WXI(Z) (7.6)

Using proportionalcontrolandsubstitutingpreviously identifiedmodelsfor V (z) and
R(z) thesteady-staterroris

i . KlensZ(Z— 1)
[ e —
Xle) = lim (2=1) 2 3y KoKions (7.7)
which maybeevaluatedwith the targetmotionchoserasoneof
=1 for a stepinput
X (2) = (Z;)Z for arampinput (7.8)
= (Zf’l)l% for aparabolicinput

For the steady-statérackingerrorto be zero,the numeratorof (7.7) mustcancel
the polesat z= 1 of X (z) andretaina factorof (z— 1). This numeratorcomprises
thepolesof therobotandcompensatatransferfunctions— thelattermaybeselected
to give the desiredsteady-staterrorresponsdoy inclusionof anappropriatenumber
of integratorterms,or (z— 1) factors. The numberof suchopen-loopintegratorsis
referredto asthe Type of the systemin classicalcontrol literature. Equation(7.7)
hasone open-loopintegratorandis thusof Type 1 giving zerosteady-staterrorto a
stepinput. The additionof anintegratorto raisesystemType supportsthe intuitive
amgumentof Section6.4 which suggestedhatthe control problembe consideredcsa
'steeringoroblem’,wheretherobotvelocity, not position,be controlled.

A rampinputhoweverwill resultin afinite errorof T /K, pixelswhichcanbeseen
asthe substantialag in Figure7.2. Also notethat the numeratorof the closed-loop
transferfunction (7.4) hasa zeroat z = 1 which actsasa differentiator From (7.4)
compensatopoleswill appeamsadditionalclosed-loofzeros.

Commonapproacheto achiezing improvedtrackingperformancere:

1. Increasingheloopgain,Kp, whichminimizesthemagnitudeof ramp-folloving
error However for the system,(6.44), this is not feasiblewithout additional
compensatioastheroot-locusplot of Figure6.27shaved.

2. Increasinghe Typeof thesystempy addingopen-loopintegrators.Type 1 and
2 systemswill have zerosteady-staterrorto a stepandrampdemandespec-
tively.
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3. Introducingfeedforwardof the signalto be tracked. This is acommonlyused
techniquein machine-toolcontrol and has beendiscussedfor instance,by
Tomizuka[251]. For the visual seno system,the signalto be trackedis the
target positionwhich is not directly measurablelt canhowever be estimated
andthis approachs investigatedn Section7.5.

7.2 Performance metrics

It is currentlydifficult to comparethe temporalperformanceof variousvisual seno
systemglueto thelack of ary agreedperformanceneasuresit bestonly qualitatve
assessmentainbemadefrom examiningthetime axisscalingof publishedesults(is
it trackingat 1 mm/s or 1000mm/s?) or videotapepresentations.

Traditionally the performanceof a closed-loopsystemis measuredn terms of
bandwidth. While 'high bandwidth'is desirableto reduceerrorit canalsoleadto
a systemthatis sensitie to noiseandunmodeleddynamics. However the notion of
bandwidthis not straightforwardsinceit implies both magnitude(3dB down) and
phasg(45° lag) characteristicsTime delayintroducesa linearincreasen phasewith
frequeng, andthe Bodeplot of Figure6.28indicatesA5° lag occursatlessthan1 Hz.
For trackingapplicationgphasds a particularlymeaningfulperformanceneasure—
for instancehe citrus picking robot'strackingspecificatiorwasin termsof phase.

Othercommonlyusedperformancemetricssuchassettlingtime, overshootand
polynomial signal following errorsare appropriate. Note thoughthat the feedback
systemdevelopedin theprevioussectionhasa'respectablesquarevave responsdut
experimentsshav poorability to follow a sinusoid.Simulatedtrackingof sinusoidal
motionin Figure7.2 shavs a robotlag of approximately30® andthe centroiderror
peakingat over 80pixels

In this work we chooseto considerthe magnitudeof image planeerror, either
peak-to-pealor RMS, in orderto quantitatvely measureperformance. The RMS
errorover thetimeinterval [t1, to] is givenby

[0 it e

th—t1

n (7.9

An image-planerrormeasurés appropriatesincethefixationtaskitselfis defined
in termsof imageplaneerror, andisideally zero.Imageplaneerroris computedy the
controllerandcaneasilybe logged,andthis is considerablysimplerthanestimating
closed-loohandwidth.

The choiceof appropriatearget motionwith which to evaluateperformancele-
pendsuponthe application.For instancef trackingafalling or flying objectit would
be appropriateo usea parabolicinput. A sinusoidis particularlychallengingsince
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Figure7.2: Simulatedtrackingperformancef visualfeedbackcontroller where
thetametis moving sinusoidallywith a periodof 1.5s (0.67Hz). Notethe con-
siderabldag of theresponsésolid) to thedemanddashed).

it is a non-polynomialwith significantandpersistenacceleratiorthatcanbereadily
createdexperimentallyusinga pendulumor turntable. Sinusoidalexcitation clearly
revealsphaseerrorwhichis a consequencef open-looplateng. In the remaindeof
thiswork afixedfrequeng sinusoid

% (t) = Msin(4.2t) (7.10)

will beusedasthe standardargetmotion. This corresponds$o an objectrotatingon
the laboratoryturntableat its maximumrotationalspeedof 40rpm (0.67rev/s). The
magnitudeM, of thetamgetmotion depend®n the rotationalradiusof thetarget,and
the distanceof the camera. Peakangulartarget velocity is 4.2M rad/s and can be
selectedo challengeheaxis capability

7.3 Compensatordesignand evaluation

7.3.1 Addition of an extra integrator

A controllerwith improved tracking performancanustincorporateat leastone
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Figure7.3: Rootlocusfor visual feedbacksystemwith additionalintegratorand
proportionalcontrol. Clearlythe systemis unstablefor ary finite loop gain.

additionalintegratorfor Type2 characteristicsTheopen-loogransferfunction(6.43)
becomes KK KK
pNNlens pNNlens
= 7.11
2(z-1)2 Z2-28+7 (7.11)
which, without additionalcompensatioris unstableor ary finite loop gainasshavn
by theroot-locusin Figure7.3.

7.3.2 PID controller

A discreteime PID compensatocanbewritten as

Tz 1-z1

Dz = P+—I D 7.12

@ ot (7.12)
2 _

_ Z(PT+I1T2+D)—2zPT+2D)+D (7.13)
Tz(z—1)

whereP, | andD arethe proportional,integral andderivative gainsrespectrely, and
T thesamplinginterval. The derivative is computedoy meansof a simplefirst-order
difference. This compensatoaddsa pole at z= 1 which increaseshe Type of the
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Figure 7.4: Root locusfor visual feedbacksystemwith PID controller which
placeghezerosatz= —0.3andz= 0.9. Theclosed-loopolesmarkedy squares
areusedin thesimulationof Figure7.5.

systemasdesired,andallows arbitrary placemenbf the two zerosto shapethe root
locus.

An exampleroot locusis shovn in Figure7.4. Onezerois placedcloseto z=
1 in orderto 'bend' the armsof the root locus inside the unit circle, however it is
not possibleto move the dominantclosed-looppolesso asto achiese a high natural
frequeng. Theclosed-loogransferfunctionis

'X(2) Kiendl 72(z— 1) (7.14)

%(2)  B(z—1)2T + Kjensl (Z(PT+1T2+D) —2z(PT+2D) +D) '
which, sincethe systemType is 2, hasa pair of closed-loopzerosat z= 1. This
doubledifferentiatorcausesignificantovershooin responseo targetacceleratior—
notetheinitial transienin Figure7.5. Thecompensatozeroscouldbe configuredas
acomplex pairbut mustbeplacedcloseto z= 1 if they areto ‘capture'theopen-loop
integratorpoles,which would otherwisdeave theunit circle rapidly.

In practicet is foundthatderivative gainmustbelimited, sincethederivativeterm
introducesundesirabléroughnessto the control,andthis constrainghe locationsof
the open-loopzeros. This roughnesss a consequencef numerically differentiat-
ing the quantizedand noisy centroidestimatedrom the vision system.,&strbm and
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Figure 7.5: Simulatedresponsdor visual feedbacksystemwith PID controller
which placesthezerosatz= —0.3 andz= 0.9. Closed-loopolesatz= 0.85+
0.20j, equivalentdampingfactor{ = 0.52.

Wittenmark [24] proposefiltering the derivative estimateandwhile this may allow
higher derivative gain this form of compensatohasonly limited ability to position
the closed-looppoles. The simulationresultsin Figure 7.5 show the time response
of this compensatoto the standardarget trajectorywhenthe closed-looppolesare
placedasmarkedon Figure7.4. The motion exhibits considerabl@vershootandthe
peak-to-peakmageplaneerroris approximatelyd0pixels

7.3.3 Smith'smethod

Smith's method,alsoknown asSmith's predictor[24], wasproposedn 1957for the
controlof chemicaprocessewith significantandknown, time delayq238] andthere
aresomereportsof its applicationto visual senoing [37,229]. Considera plantwith
dynamics

1 _1B(2

H(z = ZH'(z= AR (7.15)

A

1Threecontrollerparameter¢P, | andD) areinsufficientto arbitrarily ‘place’ thefive poles.
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where Ord(A') = Ord(B') andd is the time delay of the system. A compensator
D'(2), isdesignedo givedesiredoerformancéor thedelay-freesystentH’(z). Smith's
controllaw givestheplantinputas

U=D'{Y-Y}-DH {1-74}u (7.16)
which canbe expresse@sa compensatotransferfunction
AAD
#A(A+BD')-BD
which clearlyattemptgo cancekheplantdynamicsX (z). Thevisualseno open-loop

modelof (6.43)canbewrittenin theform

1 K 1,

D(2) = (7.17)

anda simpleproportionalcompensatoD’ = K, usedto controlthe dynamicsof the
first-ordersystemH’(z). Theresultingcompensatoby (7.17)is

B Z(z—- 1K
D@ = 27=97 KKp(pz2 Y

Whensimulatedwith thelinearsingle-ratenodelthe compensatogivesthe expected
performancandthepole canbepositionedo give arbitrarily fastperformanceHow-
ever whensimulatedwith the full non-linearmulti-ratemodelsimilar to Figure6.22
the effect of modelerrorsbhecameapparent.The closed-looppole of H'(z) could no
longerbe arbitrarily positionedand attemptsto placethe poleat z < 0.6 led to poor
dynamicresponsandinstability. Figure7.6shavstheresponséor thecaseof z= 0.6
which shavs a peak-to-pealerrorof nearly70pixels

Sharkg et al. [229] report experimentalgazecontrol resultsobtainedwith the
'Yorick' head. Using accurateknowledgeof actuatorand vision processinglelays
a tamget position and velocity predictoris usedto counterthe delay and command
the positioncontrolledactuators.They suggesthatthis scheménaturally emulates
the Smith Regulator” andblock diagrammanipulationis usedto show the similarity
of their schemeo thatof Smith, however no quantitatve performancelatais given.
Brown [37] usedsimulationto investigateheapplicationof Smith's predictorto gaze
controlby meansof simulationandthusdid not have problemsdueto plantmodelling
errorencounterethere. He alsoassumedhatall delaywasin theactuatornotin the
sensoror feedbaclkpath.

(7.19)

7.3.4 Statefeedbackcontroller with integral action

State-feedbackontrol canbe usedto arbitrarily positionthe closed-looppolesof a
plant. For besttracking performanceahe polesshouldall be placedat the origin in
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Figure7.6: Simulationof Smith's predictive controller(7.23) anddetailednon-
linearmulti-ratesystenmmodel. Simulatedresponsésolid) anddemanddotted).

orderthat the closed-loopsystemfunctionsas a pure delay but this may resultin
un-realizablecontrolinputsto the plant.

The configurationof plant, stateestimatorandcontrollerareshavn in Figure7.7.
Theopen-loopsystemy (z)R(z) is representeh state-spacéorm as

X1 = X+ Ay (7.20)
Yo = CX (7.21)

The estimatorshawn is predictive, and allows one full sampleinterval in which to
computethe stateestimate,X, and the control input, u. Within the labelled com-
pensatotlock thereis feedbackof the computedplantinput to the estimator The
closed-loopcompensatopolesarethe eigervaluesof

& —KC— AK (7.22)

whereK is the state-feedbackain matrix andKe is the estimatorgain matrix. The
separatiorprinciple[95] stateghatthe polesof a closed-loopsystemwith anestima-
tor is the union of the polesof the estimatorandthe controlledplant, andthatthese
may be designedndependently However thereis an additionalconsideratiorthat
the compensatoitself mustbe stable, andthis constrainghe selectionof plantand
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Figure7.7: Visualfeedbacksystemwith state-feedbac&ontrolandestimator

estimatorpole locations. The requiremenif compensatostability appeardo be a
matterof somedebateandis not well coveredin standardexts. Simple examples
canbe contrivedin which an unstableplantand an unstablecompensatoresultin a
stableclosed-loopsystem. However Maciejovski [178] statesthat thereis a “theo-
reticaljustificationfor preferring(open-loop)stablecontrollers— but thereare also
powerful practicalreasongor this preference” Simulationsshav thatwhile anunsta-
ble compensatomaygive perfectlysatisfactoryperformanceén alineardiscrete-time
simulation,a moredetailedsimulationor the introductionof modelerror caninduce
instability. Thisis believedto berelatedto plantnon-linearity where'internal’ signals
betweerthecompensatoandplantmayresultin saturationchangingheapparently-
namicsof the plantandleadingto instability.

Compensatorbave beendesignedor the single-rateapproximation(6.43) using
poleplacemenandLQG designproceduresAstr'(')m andWittenmark[24] describea
procedurdor designingpoleplacementompensatorf®r SISOsystembasednstate
feedbackandstateestimation.Considerablexperimentationwasrequiredto choose
closed-loopand estimatorpolesthat resultin a stablecompensator Franklin [95]
suggestshatthe estimatompolesbe 4 timesfasterthanthe desiredclosed-loopoles.
Theupperimit onestimatoresponsés basednnoiserejectionandmodellingerrors.
To reducethedgyreesf freedomin thecontrol/estimatodesignprocessheestimator
poleswereplacedatz= 0, 0,0giving adead-beatesponseln detailedsimulationand
experimentthis hasgiven satisfactoryperformance Introducingan additionalopen-
loop integrator andplacingthe closed-looppolesat z= 0.6 + 0.4, 0.4 resultsin the
compensator

B 7 (7.01z—5.65)
D@ = Z-0ezro4-08 (7.23)
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Figure7.8: Rootlocusfor pole-placementontroller Closed-looppolesatz =
0.6+ 0.4j andz = 0.4. Notethata pair of polesandzeroshave beencancelledat
theorigin.

Z(z—0.806)

= 7.01(2_ 1)(z— {-0.2+0.872})

(7.24)

The root-locusdiagramin Figure 7.8 shavs that the compensatohasintroduceda
comple polepair nearthe unit circle andhasbeenableto achieve fasterclosed-loop
polesthanthePID compensatoof Figure7.4. Figure7.9 shavsthe simulatedclosed-
loop responsdor the standardarget motion for both the single-ratemodeland the
detailedSIMULINK model. The simulationresultsaresimilar but the moredetailed
modelis somavhat rougherdueto the multi-rate effects. The peak-to-pealerrorin
pixel spaceds approximatel\28pixels

Clearlythetrackingperformances greatlyimproved comparedo simplepropor
tional controlbut anumberof characteristicsf theresponselesere comment:

e Theerroris greatesatthe peaksof the sinusoid,which correspondo greatest
accelerationThe Type 2 controllerhaszeroerrorfollowing a constanvelocity
target (which the slopesof the sinusoidapproximate)but will have finite error
for anacceleratingarget.

e Thereis considerablelelayatt = 0 beforethe robotcommencesnoving, due
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Figure7.10: Experimentakesultswith pole-placementompensatorNote that
thetamgetfrequeng in thisexperimentis only 0.5Hz, lessthanthestandardamet
motionfrequeng. Closed-loopolesatz= 0.6 £0.4j,0.4.

to delayin thevision systemandcontrollet

e Onceagainthisis a Type 2 systemandthe closed-loogresponsevill includea
doubledifferentiator This effectis evidentin theinitial transientshovn in the
simulatedclosed-loopresponsef Figure7.9.

Experimentalesultsgivenin Figure 7.10, for a peakaxis velocity of 0.3radl/s
andtametfrequeny of approximatelyd.5Hz, shav a peak-to-peakixel errorof only
6pixels This correspondsery closelyto simulationresultsfor the sameamplitude
targetmotion,but somelow-amplitudeoscillationataroundlOHz canbeobsered. In
practicethe compensatowas'temperamentalanddifficult to initiate. For moderate
initial error the two integratorswind up and saturatethe axis which leadsto rather
violent oscillation. It wasfound bestto switch to the pole-placementompensator
from proportionalcontrol oncefixation had beenachieved. Table 7.1 comparegshe
simulatedRMS pixel errorvalueof themodelfor thestandardsinusoidakxcitation at
variousamplitudes.The RMS errorscalesalmostlinearly with amplitudein the first
threerows, but in the last caseactuatorsaturatiorhasoccurredandthe pixel erroris
muchhigher High trackingperformances achieved but with alossof robustnesgo
plantsaturatiorandsomedifficulty in startup.
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Bk (radl) ka (radl /s) | RMS pixel error

0.23 0.97 111
0.40 1.70 21.2
0.45 1.89 24.7
0.50 2.1 2100

Table7.1: SimulatedRMS pixel errorfor thepole-placementontrollerasafunc-
tion of tagetpeakvelocity. SimulatedusingaSIMULINK modelovertheintenal
0to 3s,andincludingtheinitial transientNotethevery largeerrorin thelastrow
— thesystenmperformsvery badlyonceactuatorsaturatioroccurs.

Designof a stateestimatoandstatefeedbaclcontrollerusingthelinearquadratic
GaussianLQG) approacthasalsobeeninvestigatedbut is complicatedoy the state
transitionmatrix, ®, beingsingularsincethe delaystatesntroducezeroeigevalues.
ThecommonLQG designapproachesmplementedy MATLAB toolboxfunctions,
arebasedn eigevectordecompositiorandfail for the caseof a singularstatetran-
sition matrix. Insteadthe recurrenceelationshipderived by Kalman[142] from dy-
namicprogramming

Mitr = Q+KiRKy+(®+AKy) My (® +AKy) (7.25)
Kigi = —(R+AMA)TAM@ (7.26)

wasusedto computethe steady-statealueof the statefeedbackgainmatrix giventhe
stateandinput weightingmatricesQ andR respectiely. This methodis numerically
lesssoundthanotherapproachebut givessatisfactoryesultsfor thelow ordersystem
in thiscase.

As in the previous casestableestimatorandclosed-looppolesdo not necessarily
resultin a stablecompensatorThe designprocedurerequiresadjustmenbf the el-
ementsof two weightingmatricesfor eachof the controllerand estimatoy resulting
in a high-dimensionalitydesignspace.Stableplantsandestimatorscould be readily
achievedfor a Type1 systembut not for thedesiredcasewith anadditionalintegrator

(Type2).

7.3.5 Summary

Theimageplaneerrorsfor eachcompensatoto the samesinusoidallymaoving tamget,
arecomparedn Figure7.11. The simulationsare basedon detailedmulti-ratenon-
linearmodelsof the positionandvelocity loopsof the UnimatePumaseno system.

2The determinanbf a matrix is the productof its eigervaluesdet(A) = []; &, soanyzeroeigervalue
resultsin asingularmatrix.
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Figure 7.11: Comparisonof image plane error for various visual feed-
back compensator§rom above. Tamet motion in all casesis the sinusoid
0.5sin(4.2t)radnys.

The simple proportionalfeedbackcontroller while demonstratingan adequate
stepresponsehaspoor tracking performanceand this may be improved by means
of amoresophisticate¢ompensator

The compensatodesignapproachthasfollowed classicallinear principlesof in-
creasingsystemType andpositioningthe closed-loopolesby meanwf PID or pole-
placementontrol. The systems Type is importantto the steady-statérackingerror
and at leastType 2 is necessaryo adequatelytrack sinusoidalor parabolicmotion.
Howeverin theshortterm,trackingperformancés dependenon theclosed-loofpole
locations. This is illustrated quite clearly in Figure 7.12 which shaws the Type 2
systemfrom above following a target moving with triangularposition profile. I1deal
tracking behaiour is obsered during the regions of constantvelocity demand but
the settlingtime aftereachpeakis around300ms, the time constantof the dominant
closed-looppoles. Theseclosed-looppolescannotbe madearbitrarily fastand are
constrainedy the practicalrequiremenfor compensatostability. Linear discrete-
time simulationsindicateno difficulty with an unstablecompensateut non-linear
simulationsshav thatthe closed-loopsystemwill be unstable.Thisis believedto be
dueto non-linearitiesn the plantwhich changeheapparentlynamicsat saturation.

The additionof integrators,while raisingthe systemType, placesstringentcon-
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Figure7.12: Simulationof pole-placemerfixation controller(7.23)for triangular
tamgetmotion. Closed-loopolesatz= 0.6 £ 0.4j,0.4.

straintson closed-loopandestimatompolelocations.

Close agreemenhasbeenshovn betweenexperimentaland simulationresults
usingbothlinearsingle-rateandnon-lineamulti-ratemodels.Thecontrollerdesigns
have beenbasedon the single-ratanodel (6.44)andthe succes®f the compensators
is animplicit endorsemerf thatmodel's accurag.

7.4 Axis control modesfor visual servoing

All theexperimentssofar describedandthoseof mary others for example[8,91,134,
197231 270],arebasednanapproactin whichthevisualseno is built ‘on top of' an
underlyingposition-contrd edmanipulator Thisis probablyfor the pragmatiaeason
thatmostrobot controllerspresenthe abstractiorof a robotasa position-contolled
device. Therearesomereportsof the useof axis velocity control [58,63,111,206],
andWeiss[273] proposedrisualcontrolof actuatottorque.

This sectionwill comparethe performanceof visual seno systemsasedaround
position, velocity and torque-controlledhctuators.Motion of a robot manipulatoris
causedy actuatorsxerting torquesat thejoints. In conventionalrobot applications
whereend-pointpositioncontrolis required,it is commonto establisranabstraction
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wherebythe axes are capableof following the joint angledemand<f a trajectory
generatar Suchan abstractioris achieved by closinga position-contrdloop around
theactuator

Marny robotsemploya 'classic' nestedcontrol structurewhich is typical of ma-
chinetool controllers,commonlycomprisingcurrent, velocity and position-control
loops. The nestedoop, or hierarchical control structurehasa numberof advantages
including:

1. The effective dynamicspresentedy the closed-loopsystemto the outerloop
aresimplifiedandideally independenof parameteuncertainty

2. Thedynamicspresente@dregenerallyfirst or secondrder allowing thedesign
to be carriedout in a seriesof relatively simple stepsusing classicalcontrol
techniques.This issueis not asimportantasit oncewas, giventhe power of
moderncontrol designtools and available computationahardwarefor imple-
mentingmoderncontrolalgorithms.

The Pumas velocity loop providesa goodexampleof reducingparameteuncer
tainty. This loop is closedaroundthe actuatordynamicsfor which the poleandDC
gainarefunctionsof inertiaandfriction. The high-gainvelocity loop minimizesthe
effect of variationin theseparameter®n the closed-loopdynamics. An alternatie
approachnow feasibledueto low-costhigh-performance&omputing,is to feedfor-
wardtorqueto compensatéor changingnertiaandfriction. Theseestimatesnaybe
derivedfrom afixed parametemodelidentifiedexperimentallyor from onlineidenti-
ficationandadaptation.

The next sectionawill examinethe dynamicsof a visualseno systemwherethe
actuatoris treatedat variouslevels of abstraction:asa torque,velocity or position
source.The notationis shovn in Figure7.13,andit will be assumedhatthe multi-
rateeffectsandcommunicationsatenciesf the earliersystemhave beeneliminated
by optimizationof the controlarchitectureThedynamicswill all beformulatedatthe
visualsamplinginterval, T = 20ms Themodelsof actuatordynamicsusedarethose
establisheckarlierin Chapter2, andthe vision systemis modelledasa singletime
stepdelayV (z) = KiengZ

7.4.1 Torque control

The action of the power amplifier's currentloop allows motor current(proportional
to motortorque)to be commandedlirectly. From (2.65)the transferfunction of the
actuatoris o 1 KK
S _
U(s) S JnS+Bnm
where8p, is the shaftangle,u(t) the motor currentdemandvi,, Jn the inertia, Bm
theviscousfriction, K; the amplifiertransconductancandK, the motortorquecon-

(7.27)
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Figure7.13:Block diagramof generalize@ctuatoandvision system.

stant.Thediscrete-timedransferfunctionis obtainedoy introducinga zero-ordeihold
networkandtakingthe Z-transform

Om(Z) _ 1 —_ e_ST 1 K| Km

U(2) _Z{ s sJs+B (7.28)
Usingthemodelof (2.64)thediscrete-timelynamicsare

Om(2) (z+0.81)

Uz - D(z-053 (7.29)

wherethe zerois dueto the zero-ordeihold andsampler Adding the vision system
delayresultsin the open-looptransferfunction

X2) - (z+0.81)
W = 0.126K|ensz(z_ 1)(z—0.534)

andaroot-locusplot is shavn in Figure7.14. Without ary compensatiothe closed-
loop polesarelimited to having avery low naturalfrequeng.

(7.30)

7.4.2 Velocity control

Thetransferfunctionof the Unimateanalogvelocity loopis

_Om(s) _ 1 Ky
R(s) = U(s) ss+py
whereu(t) is thevelocity demandnput wy andKy the gainof thevelocity loop which

hasapoleats = —py. Usingthe model(2.78)anda similar procedurdo abore, the
open-looptransferfunctionis

X{2z) (z40.39)
—~==0.16 7.32
U(2) eNZ(z— 1) (z— 0.051) (7.32)

The velocity-loop poleis very fastwith respecto the samplinginterval andis thus

very closeto the origin on the Z-plane. Figure 7.15shaws a root-locusplot for this
system.

(7.31)
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Figure7.15: Rootlocusfor visualseno with actuatowelocity controller
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7.4.3 Position control

As explainedin Section2.3.6the positionloop containsaninterpolatorwhich moves
thejoint to thedesiredvalueover the setpointinterval of the trajectorygeneratarTyg,
provided velocity andacceleratiorlimits are not exceeded.Generallythe position-
loop sampleinterval is an order of magnitudesmallerthan Tyg providing accurate
position control and good disturbanceejection. In a discrete-timesystemwith the
samesamplinginterval, thatis T = Tg, thepositioncontrolleractsasaunit delay and
thediscrete-timalynamicsaresimply

Om(z 1

o =2 (7.33)

whereu(t) is the positiondemandnputto theposition-controloop. After introducing
thevision systemdelay the open-looptransferfunctionis

B%) = K'Z‘;”S (7.34)

andFigure7.16showvs aroot-locusplot for this system.

7.4.4 Discussion

All controlmodesresultin abroadlysimilar discrete-timdransferfunction. In partic-
ular:

1. All root-locihave a pole-zeroexcessof two, thusthe systemswill becomeun-
stableasgainis increased.

2. All have atransmissiordelay Ord(denonj — Ord(numey, of 2 sampletimes.

3. The previous model(6.44) had 3 polesanda 3 sampletime delaydueto the
doublehandlingof setpointdataandthe multi-ratecontrol.

4. Bothtorque-andvelocity-controlmodeshave oneopen-looppoleatz =1 giv-
ing Type 1 characteristicsthatis, zerosteady-staterrorto a stepinput. The
position-controimoderesultsin a Type 0 system.

Therobot'stime responsédo a unit steptargetmotionis shovn in Figure7.18for
a simpleproportionalcontrollerwith the gainchoserto achiere a dampingfactor of
0.7. Thecontrollerbasedon a position-modeaxis hasa large steady-staterror since
it is only of Type 0. The velocity-modeaxis control resultsin a significantlyfaster
stepresponsehanthatfor torque-mode.

If anintegratoris addedo theposition-modesontrollerthentheresponsd&ecomes
similar to, but slightly fasterthan, the velocity mode controlleras shovn in Figure
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additionalintegrator
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Figure7.18: Simulationof time responseso tamget stepmotion for visual seno
systembasedn torque velocity andposition-controlledixes. Proportionakton-
trol with gainselectedo achieve a dampingfactorof 0.7.

7.18. Theroot locus of this system,Figure7.17,is alsosimilar to thatfor velocity
modecontrol. The integratorhasturnedthe position-modecontrollerinto an'ideal’
velocity source,just as usedin the experimentalsystem. From a control systems
perspectie however thereare somesubtledifferencedbetweena velocity-controlled
axisanda position-controledaxisplusintegrator In particulartheinnerpositionloop
will generallybe very 'tight', thatis high-gain,in orderto minimize positionerror.
For anidealrobotthisis nota problembut it will exacerbateesonanc@roblemsdue
to structuraland/ordrive compliance. It hasbeenshavn [213] that for the caseof
significantstructuralcompliancat is preferableto usea 'soft' velocity loop in order

to increasesystemdamping.

7.4.5 Non-linear simulation and model error

The above analysisis basedon simple linear modelswhich can maskmary ‘real-
world' effectssuchasnon-linearityand parametewrariation. To investigatethis, for
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eachsystemapole-placemertompensatdi24] wasdesignedo placetheclosed-loop
polesatz= 0.6+0.4j,0.4,0, andraisethe system$ Typeto 2. Performancevasthen
simulatedusingadetailednon-lineamulti-ratesimulationmodelof theaxisdynamics
includingsaturationCoulombicandstaticfriction.

For axis positionandvelocity controlmodesthe resultsweresimilar to thosefor
the linear simulationcase. However the torque-modecontroller did not behae as
expected— the discrete-timenon-linearsimulation,using motor modelLMOTOR,
resultedin very lightly dampedoscillatoryresponsesThis wasfoundto bedueto a
combinationof non-linearfriction, integral actionandtherelatively low samplerate.
The unmodeledlynamics particularlystick/slipfriction, arecomplex andhave time
constantghatareshorterthanthe visual sampleinterval. It is a'rule of thumb' that
the samplerate shouldbe 4 to 20 times the naturalfrequeng of the modesto be
controlled. Armstrong[22] commenton oscillationat low velocity dueto theinter
actionof stick/slipfriction with integral control. Anothercauseof poorperformancés
thatthe compensatais lineartime-invariant(LTI) basedn the assumptiorof anLTI
plant. However linearizationof the friction model, (2.68), shawvs that pole location
hasa strongdependencen shaftspeedasdoesplantgain. Improved torque-mode
control would requireone or more of the following: a highersamplerate, friction
measuremerandfeedforwardadaptie, or robustcontrol.

A morestraightforwardoptionis the useof axisvelocity control. Velocity feed-
backis effective in linearizingthe axis dynamicsandminimizing the effect of param-
etervariation. Stablecompensators/ere designedandsimulatedfor velocity mode
controlwith Type2 behaiour. Table7.2 shovstheRMS pixel errorfor the samesim-
ulation run with variationsin motor parameteand velocity-loopgain settings. The
RMS pixel erroris aroundhalf that of pole-placementontroller (7.23),basedon a
multi-rateposition-contrdloop for the samemotionamplitude.Interestinglythe sys-
tem wasrobustto significantvariationin dynamicparametersnd becameunstable
only whenthevelocity-loopgainwasreducedweakeningts ability to maskparame-
ter variation.

7.4.6 Summary
Theconclusionsrom this sectioncanbe summarizedsfollows:

1. Control of actuatortorqueusingonly the vision sensoreadsto poor perfor
mancedueto thelow samplerateandnon-linearaxis dynamics.Compensators
designedo increaseperformanceand raise systemType are not robust with
respecto theaforementioneeéffects.

2. Closingavelocity loop aroundthe actuatotinearizegheaxisandconsiderably
reducegheuncertaintyin axisparameters.

3. Velocity andpositionmodecontrolcanbe usedto achieve satisfactontracking.
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| Parameter]| Value | Change| RMS pixel error |
J 413x 106 +25% 6.03
J 24.8x 1076 -25% 5.44
K¢ 66.8x 1073 | +25% 5.42
Ke 40.1x 103 -25% 6.15
Kyel 0.165 -25% unstable
Kyel 0.275| +25% 6.58

Table 7.2: Effect of parametewariationon velocity modecontrol. Simulations
are over 3s with taget motion of 6;(t) = 0.2sin(4.2t) rad| andthe LMOTOR
motormodelfor joint 6. Compensatodesignedo placethe closed-looppolesat
z=06+0.4j,04,0.

4. Position-modecontrol requiresadditionalcompleity at the axis controllevel,
for no significantperformancemprovementundervisualsenoing.

5. Particularimplementationsf axispositioncontrollersmayintroduceadditional
samplerateswhichwill degradetheoverall closed-loopperformance.

The approacheseportedin the literatureare interestingwhen consideredn the
light of theseobsenations. Most reportshave closedthe visual positionloop around
anaxispositionloop which generallyoperatest a high samplerate(sampleintervals
of the orderof a few milliseconds). Thereare fewer reportson the useof a visual
positionlooparoundanaxisvelocity loop. Pool[206] useda hydraulicactuatomvhich
isa'natural' velocity sourcealbeitwith somesererestictioneffects.Hashimotq111]
implemented digital velocity loop on theaxesof a Pumarobotasdid Corke[58,63].
Weiss[273] proposedvisual control of actuatortorque,but even with ideal actuator
modelsfoundthatsamplentervalsaslow as3mswererequired.

Earlierit wassuggestedhat visual fixation shouldbe viewed asa steeringprob-
lem, continuouslychangingthe robotvelocity so asto move towardthe goal. Com-
binedwith the considerationabove this suggestshataxis velocity controlis appro-
priateto usein avisualseno system.

7.5 Visual feedforward control

The previous sectionshave discussedhe useof visualfeedbackcontrolandexplored
the limits to tracking performance.Feedbaclcontrol involves manipulationof the
closed-loopolesandit hasbeenshowvn thattherearestrongconstraintontheplace-
mentof thosepoles. Anotherdegreeof controllerdesignfreedomis affordedby ma-
nipulatingthezerosof theclosed-loopsystemandthisis achieed by theintroduction
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Figure7.19:Block diagramof visualseno with feedbackandfeedforwardcompensation.

of afeedforwarderm,Dg(2z), asshavn in Figure7.19. Theclosed-loogransferfunc-
tion becomes _
X _ V(7 (1-R(@Z)Dk(2)
x  1+V(2R(@2)D(2)

which hasthesamedenominatoas(7.4) but anextra factorin thenumeratorClearly
if Dr (z) = R™Y(2) thetrackingerrorwould be zero,but sucha control stratey is not
realizablesinceit requires(possiblyfuture) knowledgeof the target positionwhich
is not directly measurableHowever this informationmay be estimatedasshawn in
Figure7.20.

Interestinglythe term visual servoinghaslargely replacedthe older termvisual
feedbak, eventhoughalmostall reportedvisualseno systemsarebasedn feedback
control. The remainderof this sectionintroducesa 2-DOF visual fixation controller
using camerapan andtilt motion. Following the conclusionsabove, axis velocity
ratherthanpositionwill be controlled.The velocity demandwill compriseestimated
targetvelocity feedforwardandimageplaneerror feedback.A block diagramof the
controller usingthe notationdevelopedin this chapteris shavn in Figure7.21.

The cameramountingarrangementlescribedn Section6.3.1allows cameragpan
andtilt to beindependenthactuatedy wrist joints 6 and5 respectiely. The 2-DOF
fixation problemis thus consideredastwo independeni -DOF fixation controllers.
For simplicity the following discussiorwill befor the 1-DOF casebut is readily ap-
pliedto the2-DOFfixation controllet

(7.35)



7.5Visual feedrward control 237

X
— E@ |
estimator
i~
% (2) ;»O;» V(2 > X(2)
targ_ef[ -
position vision
+
R(2) +«— D(2
+
robot compensator
—| D-(2
feedforward

Figure7.20: Block diagramof visualseno with feedbaclandestimatedeedfor
wardcompensation.

7.5.1 High-performanceaxis velocity control

Theexperimentslescribedofar have usedtheartificeof anintegratorto implementa
velocity-controlledaxis. This sectioninvestigateswo approachet directaxisveloc-
ity control. Suchcontrol eliminatestwo levels of compleity presentn the previous
system:theintegratorandthe positionloop.

7.5.1.1 Directaccesgo Unimate velocity loop

Modificationsweremadeto thefirmwareonthe UNIMATE digital seno cardto allow
the hostto directly commandhe analogvelocity loop describedn Section2.3.5. As
shavn in Figure7.22this is a simplevariationof the position-controimode,but with
the velocity demandbeing setby the host, not the setpointinterpolatorand position
loop. Fromthe hostcomputers perspecitie this wasimplementecasa new setpoint
commandnode,in additionto theexisting positionandcurrentmodes.A previously
unuseccommancdcodewasusedfor this purpose.

This modificationallows 'immediate’ settingof joint velocity at thevideosample
rate. However the inherentvelocity limit of the velocity loop (seeSection2.3.6)is
still a limiting factorandthe analogloopswerefoundto have considerableelocity
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Figure7.21: Block diagramof velocity feedforwardandfeedbackcontrol struc-
tureasimplementedP(z) estimatesargetbearingfrom (7.43).
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Figure7.22: Block diagramof Unimationseno in velocity-controlmode.Com-
paredwith Figure2.22the digital positionloop hasbeenbypassedy meansof

switchS1.
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Figure7.23:Block diagramof digital axis-velocityloop for joint 6. The samplerateis 50Hz.

offset.

7.5.1.2 Digital axisvelocity loop

To overcomethe deficienciesn the Unimateanalogvelocity loop a digital velocity
loop hasbeenimplementedvhich commandsnotor currentdirectly, andoperatesat
the 50Hz visual samplerate. The overall structure,for joint 6, is shovn in Figure
7.23.

A key partof the control structureis the estimationof axis velocity from motor
shaftanglemeasurementsThereis considerablditeratureon this topic, particularly
for the casewherea discreteposition sensorsuchasa shaftangleencoderis used
[30,38,155]. Thetwo majorapproacheare:

1. Countthenumberof encodelpulsesoccurringin afixedtimeinterval, typically
thesamplenterval.

2. Measurdgheelapsedime requiredfor a givennumberof encodeipulses.

The first approachis easilyimplementedsincemostaxis controllersprovide an en-
codercountey for axis position measurementyhich canbe readperiodically The
discretepositionsensoresultsin velocity quantizatiorof

_ 20
T

whereAB is the positionquantizatiorlevel. Velocity resolutioncanbeimproved by a
higherresolutionpositionsensaoror alongersamplinginterval.

Brown et al. [38] comparea numberof approacheso velocity estimation. They
concludethatat high speedmorethan 100 countsper samplinginterval, estimators
basedon backwarddifferenceexpansionsgive the bestresult. At low speed,tech-
niguesbasedon leastsquaredit are appropriate. The motor shaftvelocitiescorre-
spondingto the 100 countlimit are computedand comparedwvith maximummotor

Aw (7.36)
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Joint | Counts/re | Critical vel. | Percenbf
(radm/s)| maximum

1 1000 5.0 4%

2 800 6.3 3.8%
3 1000 5.0 3.9%
4 1000 5.0 1.2%
5 1000 5.0 1.4%
6 500 10.0 2.3%

Table 7.3: Critical velocitiesfor Puma560 velocity estimatorexpressedsan-
gularrateandfraction of maximumaxis rate. Thesecorrespondo 100 encoder
pulsesper sampleintenval (in this case20msg). Maximum joint velocitiesare
takenfrom Table2.21.

speedor thePumab60in Table7.3— it is clearthatthe backwardlifferenceestima-
tor is appropriatdor the majority of the axisvelocity range.Belange30] compares
fixed-gainKalmanfilters with first-orderfinite differenceexpressionsandconcludes
that the Kalmanfilter is advantageoust short sampleintervals. The Kalmanfilter
is anoptimal leastsquaresstimator andthis resultagreesvith Brown et al. In this
applicationhowever a Kalmanfilter will be sub-optimal,sincethe axis acceleration
is not a zero-meanGaussiarsignal. A velocity estimatorcould makeuse of addi-
tionalinformationsuchastheaxisdynamicmodelandcontrolinput. Suchestimators,
combinedwith controllers have beendescribedy Erlic [86] andDeWt [44].

Surprisingly mary papersthat discussexperimentalimplementationof model-
basedcontrol makeno mentionof the techniquesusedto estimatemotor velocity,
yetfrom (2.84)and(2.86)it is clearthatknowledgeof motorvelocity is required.In
thiswork asecond-ordepr 3-point,velocity estimator

s 30—46_1+6_>

6 = = (7.37)

is usedwhich canbe derivedfrom the derivative of a parabolahatfits the currentand
two previouspositionpoints. Thediscrete-timaransferfunction of this differentiator
is
Q2 _ 3 (z-3)(-1
Oz 2T z
andits frequeny responseés shavn in Figure7.24.Up to 10Hz theresponse&losely
approximateshatof anidealdifferentiator
Motor current,setvia the Unimatearminterface is proportionalto velocity error
with aPl compensatoio give a closed-looDC gainof unity. A detailedSIMULINK
model,Figure7.25,wasdevelopedandusedto determinesuitablevaluesfor K, and

(7.38)
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Figure 7.24: Bode plot comparisonof differentiators,Q(z)/0(z), up to the
Nyquist frequeny of 25Hz. Ideal differentiator (solid), 1st order difference
(dashed)and2ndorderdifference(dotted).

thezeroin thelag/leadcompensatorExperimentaktepresponseesultsfor the joint
6 axisareshawn in Figure7.28. This controlleris clearly capableof driving the axis
fasterthanthe native velocity loop limit of 2.4radl/sgivenin Table2.20.
Determiningthelineardiscrete-timelynamicsQ/Qy is difficult sincefrom Figure
7.23the motorandfree integratormustbe Z-transformedogethemwhendiscretizing
the system.Instead the transferfunction f)/Qd will be determinedFrom (7.29)the
discrete-timeransferfunction of thejoint 6 motorandfreeintegratoris

oz _ 1-eT1 244
Vie(d Z{ s 53/31.4+1} (7.39)
(z+0.81)

- 0126 (7.40)

(z—1)(z—0.534

whichcombinedwith thevelocity estimatoi(7.38)andPI compensatagivestheopen-
loop transferfunction

z—0.85 o2 Q(z  (z—3)(z—0.85)(z+0.81)
Kv——=1 KDACVId(Z) o =K 223(2_ 0530 (=) (7.41)
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Figure7.25: SIMULINK modelDIGVLOOP: digital axis-\elocity loop for joint
6. Thesamplerateis 50Hz.

whereK = 6.02x 10-*K,. The root-locusplot of Figure 7.26 shaws the closed-
loop polesfor the chosencontroller parametersThe dominantpolesarez = 0.384,
—0.121+ 0.551j correspondingo arealpoleat7.6Hz andalightly dampedpolepair
at 15Hz with dampingfactorof 0.3. The measuredtepresponseshaws evidenceof
this lattermodein the caseof the large stepdemand.The closed-loopbandwidthof
nearly8Hz is poorwhencomparedvith the native analogvelocity loop bandwidthof
25Hz, shawn in Figure2.20,but it is ashigh ascould reasonablype expectedgiven
thelow samplingrateused.The Bodeplot shavn in Figure7.27indicateshatfor the
standardamgetmotionthe phasdagis approximatelyl8°.

7.5.2 Target stateestimation

The end-efectormountedcamerasensesarget positionerrordirectly
Y= Kiend% — %) (7.42)

which mayberearrangedo give atargetpositionestimate

+ X (7.43)

in termsof two measurableuantities: XJthe outputof the vision systemandx; the
cameranglewhich canbeobtainedrom theseno system Bothdataarerequireddue
to the inherentambiguitywith an end-efector mountedcamera— apparenimotion
may be dueto targetand/orend-efectormotion.

From earlierinvestigationdt is known that the vision systemintroducesa unit
delaysotherobotposition,x;, shouldbe similarly delayedsoasto alignthemeasure-
ments— thisis modelledasa 1/z blockin Figure7.21. Thisleadsto adelayedtamget
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is ascomputednlineusing(7.37).
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positionestimaterequiringpredictionin orderto estimatethe currenttarget position
andvelocity. The estimatesnustbe basedon someassumptiorof target motion,and
in this sectionconstantvelocity motionwill be assumedor estimatordesign. How-
ever tracking performancewill be evaluatedfor the standardsinusoidaltest motion
(7.10)which seriouslychallengeghatdesignassumption.

The problemof estimatingtarget velocity from discretetarget positionmeasure-
mentsis similar to thatjust discussedn Section7.5.1.2for determiningthe axis ve-
locity from noisymeasurementsf axis position.However the signalto noiseratiofor
thevision sensois significantlypoorerthanfor theencoderTarget positionestimates
(7.43) will be contaminatedy spatialquantizatiomnoisein 'X. If video fields are
useddirectly therewill alsobe aframerate pixel jitter dueto field pixel offsets,see
Section3.4.1. Theremainingsectionswill examinea numberof differentapproaches
to estimatinghetargetstatein 1 dimension Mary targetstateestimationschemesgre
possibleandhave beendiscussedh theliterature— theremaindeof this sectionwill
give a brief summaryof only threetypesandthencompareheir performance.

7.5.2.1 Simpledifferencing

Thesimplestvelocity estimatompossiblds afirst orderdifferencewhosetransferfunc-
tionis

V(z 1z-1
Y29 T z (7.44)
A secondrderdifferencewhich takesinto accountadditionaldatapoints,is
V(2 _ 1372-4z+1 (7.45)

Y(zg 2T 2

andwasusedfor axisvelocity controlin Section7.5.1.2.

It is possibleto computevisual velocity, or optical flow directly, ratherthandif-
ferentiatethe positionof a featurewith respecto time. It is suggested37] thatthe
humaneye's fixation reflex is driven (to first order) by retinal slip or optical flow.
However most machinevision algorithmsto computeoptical flow, suchasthat by
Horn and Schunck[122] are basedprincipally on a first order differenceof image
intensitybetweerconsecutie frames.

7.5.2.2 o —Btracking filters

o — [ trackingfilters weredevelopedin the mid 1950sfor radartargettracking,esti-
matingtargetpositionandvelocity from noisymeasurementsf rangeandbearing.In
their simplestform thesearefixed gainfilters basedon theassumptiorthatthe target
acceleratiorfoftenreferredto asmaneuveris zero. Thea — 3 filter is

Xor = R+ T (7.46)
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Kt1 = Xpo, +0O [Yk+1— )A(pkﬂ] (7.47)
V1 = Wt $ [Vicr1— Rpees ) (7.48)

whereXy andvy arethe positionandvelocity estimatesat samplek respectrely, and
Yk is the measuregposition. The abose equationanay be manipulatednto transfer
functionform .

Vi _ B 2z-1)

Y(z2 TZ+(0+B-2)z+1-a
fromwhichit is clearthatthis is simply a first orderdifferencesmoothedy a second
order systemwhosepolesare manipulatedoy the parametersxt and3. Commonly
thefilter is treatedashaving only onefree parametera, with 3 computedor critical
damping

(7.49)

Bcp=2—a—2v1—a (7.50)
or minimal transienterror performancé€BenedictandBordnercriteria[31])
2
a
=— 7.51
Bes = 5— (7.51)

Kalata[141] proposesnotherparameterizatiorandintroduceshe tracking param-
eter, /\, which is theratio of positionuncertaintydueto target maneuerability and
sensomeasuremengndfrom which a andf3 canbe determined.

The a — B —y filter is a higherorderextensionthatalso estimatesacceleration,
andshouldimprove thetrackingperformancdor amaneueringtamget. Variousmod-
ificationsto the basicfilter have beenproposedsuchastime varying gains[170] or
maneuer detectionandgain schedulingwhich increaseshe filter bandwidthasthe
predictionerrorincreases.

7.5.2.3 Kalman filter

This filter, proposedby Kalmanin 1960 [142], is an optimal estimatorof system
statewherethe input and measurementoise are zero-meanGaussiarsignalswith
known covariance. A second-ordemodelof thetamget positioncan be usedwhose
accelerationnput is assumedo be zero-mearGaussian For a single DOF the filter
statesare _

Xy = [6k 6] (7.52)

andthe discrete-timestate-spactargetdynamicsare

Xey1 = BXe+ Ay (7.53)
Yo = CXi+e (7.54)
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wherew, representsicceleratioruncertaintyandyy is the obsered target position
with measurememioiseey. For constant-elocity motionthe state-transitiomatrixis

17T
P = [ 0 1 ] (7.55)
andthe obserationmatrix
C=[10] (7.56)

whereT is the samplinginterval. The predictve Kalmanfilter for one axis [24] is
givenby

Ky = ®PCT(CPCT+Ry?! (7.57)
Xip1 = ®Xp+Ki(y— CXy) (7.58)
Piyr = @®Pc®' +Rilo—K(CP®' (7.59)

whereK is again, P is the error covariancematrix andl, is a 2 x 2 identity matrix.
R1=E{ww } andR, = E{e?} arerespectiely theprocesandmeasuremertovari-
anceestimatesindgovernthe dynamicsof thefilter. In this work appropriatevalues
for R1 andR2 have beendeterminedhroughsimulation.Thisfilter is predictive, that
is Xk+1 is the estimatedraluefor the next sampleinterval basedon measurementat
time k andassumedargetdynamics.

Thereseemdo beconsiderablenystiqueassociateavith the Kalmanfilter but this
secondrderfilter canbeexpressedsimply in transferfunctionform as

V(2) _ koz(z— 1) (7.60)
Y(2) 2+ (ki —2)z+ (ko— ki + 1)

wherek; andk, are elementsof the Kalman gain matrix K. Like the a — 3 filter
this is simply a first orderdifferencewith a second-ordersmoothing'function. The
significantdifferencewith the Kalmanfilter is thatthe gainsk; andky, diminishwith
time accordingto the equationg7.57)and(7.59). This providesinitial fastresponse
then good smoothingoncethe target dynamicshave beenestimated. However the
gainschedulds completely'preordained'. Thatis, the gaintrajectoryis not depen-
dentuponmeasuredarget dynamicsor estimationerror but is entirely specifiedby
thefilter parameter$y, R; andR2. Berg [32] proposesa modifiedKalmanfilter in
which online estimate®f covarianceareusedto setthefilter gain. In practicetarget
acceleratiordoesnot matchthezero-mearGaussiarassumptiorandis generallycor
relatedfrom onesamplepoint to the next. Singeretal. [235] shav how the dynamic
modelmaybe augmentedvith anextra stateto includeacceleratiorand'whiten’ the
inputto themodel. A Wienerfilter [235] is a fixed-gainfilter whosegainvectoris the
steady-statgainvectorof the Kalmanfilter.

TheKalmanfilter equationsarerelatively complex andtime consumingo execute
in matrix form. Using the computeralgebrapackageMAPLE the equationswere
reducedo scalarform, expressedn 'C' asshowvn in Figure7.29.
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/* compute the filter gain */
den = pl1l + R2;

k1 (P11 + T * pl2) / den;
k2 pl2 / den;

/* update the state vector */

x1 new =x1 + T * x2 + kL * (y - x1);
X2_new = x2 + k2 * (y - x1);

x1 = x1_new;

X2 = X2_new;

/* update the covar matrix (symmetr ic so keep only 3 elements)
pll new = R1 + pl1 + 20 * T * pl2 + T * T * p22 -
ki1 * pl1 - k1 * pl2 * T,
pl2_new = pl2 + T * p22 - k1 * plz;
p22_new = R1 + p22 - k2 * plz;
pll = pll_new;
pl2 pl2_new;
p22 p22_new;

Figure7.29: Simplified scalarform of the Kalmanfilter in 'C' asgeneratedy MAPLE.

7.5.2.4 Estimator initiation

Boththea — 3 andKalmanfilter needto beinitiatedwhentamgettrackingcommences.
For the Kalmanfilter this involvesinitializing the error covariance P, generallyto a
large diagonalvalue. Both filters requirestateinitialization. Commonlythe position
is setto the currentlyobsered position,andthe initial velocity computedrom the
currentandprevious position.

7.5.2.5 Comparison of stateestimators

Velocity estimatordy definition performdifferentiation which is a noiseenhancing
operation.To reducethe resultantnoisea low-pasdfilter canbeintroducedandit is
shavn abore thattheKalmananda — 3 filter bothhave thisform. Thedynamicsf the
filter provide a tradeof betweerestimationnoiseandresponséo tamgetacceleration.
The a — 3 andWienerfilter are both fixed-gainfilters which canbe 'tuned' to meet
the needsof the application.For the situation,asin this experiment,wherethe robot
is fixatedon atamgetfor along periodof time the Kalmanfilter will convergeto fixed
gains,andis thusa computationallymore expensve implementatiorof a Wieneror
o — [ filter. Kalata[141] in factshovs how a and[3 canberelatedto the steady-state
Kalmangains. Singercommentghat the Kalmanfilter is mostappropriatavhenthe
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“transientperiodapproachethatof thetrackinginterval”.

TheKalmanfilter couldperhapdeviewedasanover-parameterizettackingfilter
wheretwo covariancematricesmustbe selecteccomparedo a single parametefor
the a — 3 filter. The Kalmanfilter is an optimal estimatorbut in this application
assumptiongboutthe plantinput, zero-mearnGaussianare violated. Comparedo
the a — [ filter it is computationallymore expensve in steady-stat®perationand
moredifficult to tune.

A numberof reportshave investigatedhetargettrackingproblemandcompared
differentapproachesdunt[127]is concernegbrimarily with positionextrapolatiornto
cover delayin a vision/robotsystemandexaminesb differentextrapolatorsspanning
linear regressionthroughto augmented<almanfilters. Sincenoneis ideal for all
motion she proposego evaluateall extrapolatorsand selectthe onewith minimum
predictionerror in the lasttime step. Singerand Behnke[235] evaluatea number
of trackingfilters but in the contet of aircrafttrackingwheretargetacceleratioris
minimal. Safadi[218] investigatesx — [ filters designedusing the tracking index
methodfor a robot/visiontracking application. He comparedracking performance
for sinusoidatestmotion, relevantto the turntabletrackingexperimentsusedin this
work, andfinds thatthe a — 3 — vy filter givesthe bestresults. He implementstime
varyingfilter gainswhich corverge on optimal gainsderivedfrom thetrackingindex.
Visual seno applicationsusingKalmanfilters have beenreportedoy Corke[63,64],
o — B filters by Allen [7] andSafadi[218], andbest-fitextrapolatordoy Hunt[127].

As alreadyobsered the a — 3 and Kalman filters have adjustableparameters
which govern the tradeof betweensmoothnes&nd responsé¢o maneuer. In the
experimentthe robotwill track an objecton a turntableso phaselag in the velocity
estimateis importantandwill be the basisof a comparisorbetweenapproachesA
numberof trackingfilters have beensimulated,seefor exampleFigure 7.30, under
identical conditions,wherethe target follows the standardrajectory(7.10) and the
positionestimatesarecorruptedby additve Gaussianmeasurementoise. It wasob-
senedqualitatively thatsomevelocity estimatesveremuch'rougher'thanothers and
in anattemptto quantifythisa'roughnessa metricis proposed

[ﬁH{wmym

- (7.61)

whereH is a high-pasdilter selectedo accentuatéhe ‘'roughnessin the velocity
estimate In this simulationH is choserasa 9th orderChebyshe type! digital filter
with breakfrequeng of 5Hz and3dB passbandipple. Initial discontinuitesin the
velocity estimate seeFigure 7.30, induceringing in the filter sothefirst 1s of the
filteredvelocity estimatés not usedfor theRMS calculationithatist; = 1s.
Theresultsaresummarizedn Figure7.31andshaov thefundamentatradeof be-
tweenroughnessindlag. Thefirst- andsecond-ordedifferenceboth exhibit low lag
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Figure 7.30: Simulatedresponsef a — 3 velocity estimatorfor a = 0.65 and
Benedict-Bordnetuning. Truevelocity (dotted)andfilter estimatgsolid). Target
positionis 8 = 0.2sin(4.2t)rad Gaussiarpixel noiseof variance0.5pixel’ has
beenaddedo the position'measurementtiataprior to velocity estimation.

and RMS estimationerror, but producethe roughestvelocity estimates.The a — 3
filters wereableto give 'smooth'velocity estimatesvith low lag andRMS error, see
againFigure7.30.TheBenedict-Bordnecriterionprovide betterperformanceor this
targetmotionthandoescritically dampeduning. Thea — 3 — y filter shavsincreasing
RMS errorandroughnessisits bandwidthis increasedAll the estimatorsapartfrom
the2ndorderdifferenceanda — 3 — y filtersassumeonstantamgetvelocity. The2nd
orderdifferenceanda — 3 —y filtersassumeonstantacceleratiomndarethuscapable
of predictingvelocity one stepahead.However thesefilters exhibit the worstrough-
nessandRMS error sincethe acceleratiorestimates basedon doubly-differentated
positiondata.

The arithmeticoperationcountsof the variousfilters arecomparedn Table 7.4.
Computationtime is not a significantissue,but for the reasonoutlined above the
variablegain Kalmanfilter doesnot appeaitto confersufiicient advantageto warrant
theextra cost.
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Figure 7.31: Comparisorof velocity estimatorsshoving roughnessandlag as
a varies. Evaluatedfor sinusoidaltarget motion at frequeng of 4.2rad/s, lens
gainof 640pixel/rad andGaussiamuantizatiomoisewith standardieviation of

0.5pixel.
| Filter type | * [ +]
1storderdiff 1
2ndorderdiff 3

Kalman(simplified) 15
oa—pB 4

1
2
Kalman(matrixform) | 68 | 78
16
4

Table7.4: Comparisorof operationcountfor variousvelocity estimators.

7.5.3 Feedbrward control implementation

Thissectiondescribeshevelocity feedforwardontrollerof Figure7.21in moredetail
andwith anemphasi®nimplementationssues.Thecontrollerhasavariablestructure
with two modes: gazingor fixating. With no targetin view, the systemis in gaze
modeand maintainsa gazedirection by closing position-controlloopsaroundeach
axis basedon encoderfeedback.In fixation modethe controllerattemptgo keepthe
targetcentroidatthedesiredmageplanecoordinate Thevelocity demandcomprises,
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Figure 7.32: Detailsof systemtiming for velocity feedforwardcontroller Note
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andthejoint anglesbeingread;in practicethisis aroundl.3ms

for eachDOF, predictedtamget velocity feedforwardandimageplanecentroiderror

feedback
o iw. [i P i
R = % + KK K'/%t it X< (7.62)
0 otherwise

Whenthetargetis within a designatedegion aboutthe desiredmageplanecentroid
integral actionis enabled Theintegralis resetcontinuouslywhenthetargetis outside
this region. Both a — 3 and Kalmanfilters have beenusedfor velocity estimation,
X, in this work. Thetransitionfrom gazingto fixation involvesinitiating thetracking
filters. No vision basedmotionis alloweduntil thetargethasbeenin view for atleast
two consecutie fieldsin orderto computea crudetarget velocity estimatefor filter
initiation. Intuitively it is unproductve to startmoving uponfirst sightingthe target
sinceits velocity is unknown, and the robot may start moving in quite the wrong
direction.

The pan andtilt axis axis velocitiesare controlledby two digital axis-\elocity
loops asdescribedn Section7.5.1. Thereis explicit correctionfor the wrist axis
cross-coupling2.38). Themotorreferencegoint velocitiesare

05 = Gswiy (7.63)
86 = Gswpan— Gs6GeLitilt (7.64)
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Figure7.33: SIMULINK modelFFVSER/O: feedforwardixation controller.

Figure7.32shaws detailsof thetiming relationshipsnvolved. The actualinstant
of camerasamplingis not signalledby the cameraput hasbeendeterminedxperi-
mentallyin Figure 3.14with respecto the videowaveform. The shortexposuretime
is requiredin orderthatthe cameraapproximatean ideal samplerof the visual state
whichis assumedor the controldesign.Motion blur is not significantsincefixation
keepghetametfixedwith respecto thecameraTherobot'sjoint anglesaresampled
by ataskduringtheverticalblankinginterval andcombinedwvith theimageplanecen-
troid using(7.43)to estimatethe target position. Thereis somefinite time difference
betweersamplingthejoint anglesandpixel exposure. Analysisof systentimestamps
indicatesthat this averagesl.3mswith a standardieviation of 0.11ms It would be
possibleto usefirst-orderpredictorsto computejoint anglesat the video sampling
instantbut this hasnotbeenattempted.

A single-axisSIMULINK model, shavn in Figure 7.33, was createdto verify
the overall operationandto assistin initial control parameteselection.Figure7.34
shavsthe simulatedperformanceavhentrackingthe standardargetmotionwith peak
velocity of 1radl/s. It canbeseerthatthetargetvelocity estimatoiis providing most
of thevelocity demandbut thatthis feedforwardsignalis laggingthe axisvelocity by
approximately7Oms Thisis dueto lag in the velocity estimatorasdiscussedbore,
andalsotheunit delayon positiondatabeingpassedo thevelocity estimator
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Figure7.34: Simulationof feedforwardixation controllerfor standardargetmo-
tion. Top plot shows total axis velocity demand(solid) andestimatedamget ve-
locity (dashed).Bottom plot shaws the taget centroiderror RMS pixel error,
excludingtheinitial transientjs 11pixels (‘Kp = 0.03,'K; = 0.0042.)
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Figure7.35: Turntablefixation experiment
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7.5.4 Experimental results

A numberof experimentshave beenconductedo investigatethe performancef the
fixation controller To achieve a particularlychallengingmotionfor the trackingcon-
troller aturntablehasbeenbuilt whoserotationalvelocity canbeconstantpr arevers-
ing trapezoidabrofile. At maximumrotationalspeedof 40rpm the former provides
targetswith the standardnotiondescribedn (7.10). The reversingprofile resultsin
targetmotionwith acomplex Cartesiaracceleratiomprofile.

In thefirst experimentthe cameras fixatedon a targetrotatingon a turntableas
shavn in Figure 7.35. The turntableis rotating at the standardrajectorys angular
velocity 4.2rad/s. Figure7.36 shaws the imageplanecoordinateerrorin pixels. It
canbe seenthatthethetargetis keptwithin +15pixelsof thereference The earlieg
feedback-onlystratey resultsin large following errorsanda lag of over 40°. Fig-
ure 7.37 shavs the measure@ndfeedforwardoint velocity for the panandtilt axes.
Thejoint velocity of up to 2radl/sis closeto the limit of the Unimatevelocity loop,
2.3radl/s. Thefeedforwardvelocity signalhasthesamemagnitudeasthevelocity de-
mandbut is slightly lagging,aswasthe casefor the simulation. Theothercomponent
of thevelocity demands providedby the Pl feedbackaw whichis necessaryo

¢ achieve zeropositionerror tracking, sincematchingtarget and robot velocity
still allowsfor anarbitraryconstanpositionerror;

e overcomeagsin thefeedforwardvelocity demandandthevelocity loopitself;

¢ rejectthedisturbancentroducedby atarget whosecentroidlies off the optical
axiswhich will appeato rotatearoundthe principal point asthe camerarolls
dueto motionof joints 5 and6 by (6.7);

e accommodatehe posedependengainrelating6s to tilt ratein (6.6).

Thecontrolleris quiterobustto errorsin thelensgainestimatausedin (7.43).During
fixationthecentroiderror Xlis small,sominimizingthesignificanceof errorsin Kens

A disturbancenaybegeneratedby usingtheteachpendanto maove thefirst three
robotjoints. Thefixation controlleris ableto counterthis disturbanceut therejec-
tion dynamicshave not beeninvestigated.The disturbancecould also be countered
by feedingforwardthe camergpanttilt ratesdueto the motionof thosejoints. Sucha
structurewould thenbe similar to the humaneye in thatthe eye musclesacceptfeed-
backfrom theretina,aswell asfeedforwardnformationfrom the vestitular system,
giving headateralandrotationalaccelerationandheadpositioninformationfrom the
neckmuscles.

Figure7.38shavsthesetupfor anexperimentwherethe camerdixateson a ping-
pongball thrown acrossthe systems field of view. Experimentalresultsshovn in
Figure 7.39 are obtainedwith the samecontrollerasthe previous experiment. The
recordedeventis very brief, lastingapproximately700ms Trackingceasesvhenthe
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Figure 7.36: Measuredtracking performance,centroid error, for target on
turntablerevolving at4.2rad/s. This datawasloggedby RTVL.
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Figure 7.37: Measuredtracking velocity for tamget on turntablerevolving at
4 2rad/s, shaving axis velocity (solid) and estimatedtarget velocity (dashed).
Note that the Y-axis (tilt) velocity is somavhattriangular— this is due to the
1/Ss termin thetilt kinematicsgivenby (6.6). This datawasloggedby RTVL.
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Figure7.38: Pingpongball fixation experiment

ball disappearérom view asit movesinto apoorly lit region of thelaboratory From
thecentroiderrorplotit canbeseernthattherobotachiezesanapproximatelyconstant
centroiderror of lessthan30pixelsin the vertical, Y, directionin which the ball has
constanfccelerationln thehorizontal X, directiontherobotis seerto have overshot
thetamget. The measuregoint velocitiesshav a peakof over 4radl/s on thetilt axis,
which hasa limit dueto voltagesaturationof 5radl/s The apparensize of the ball
(area)canbeseerto vary with its distanceérom the cameraThetrackingdfilter in this
caseis aKalmanfilter wherethetime varyinggainis anadwantagegiventhetransient
natureof the event. The robotdoesnot commencemoving until the ball hasbeenin
thefield of view for afew field timesin orderfor the Kalmanfilter stateestimatego
cornveme.

7.6 Biological parallels

Therearesomeinterestingparallelsbetweerthe controlmodelsdevelopedhereusing
control systemanalysisandsynthesisandthoseproposedo explain the operationof
thehumarvisualfixationreflex. Robinsor{214]investigateshecontrolof two human
visualbehaiours,saccadianotionandsmoothpursuit,andhow instabilityis avoided
giventhe presencef significantdelayin neuralsensingandactuationcircuits'. The
smoothpursuitreflex operategor targetmotion up to 100deg/s andexperimentse-
veal that the responsés characterizedy a delay of 130ms and a timeconstanbf
40ms. Thedelayis partitionedas50msfor theneuralsystemand80msfor peripheral
(muscle)elay Sachadie®ye motionsareusedto directthefoveato a pointof interest
andcanbe considereds'open-loop’ plannedmoves. The neuraldelayfor saccadic
motionis 120mscomparedo 50msfor fixation motion,andindicateshatfixation is
alowerlevel andmorereflexive action.

For a constantvelocity tamget the eye achieves a steady-stat@elocity of 90% of
the target velocity, thatis, the oculomotorsystemis of Type 0. Thereis alsophysi-
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Figure 7.39: Measuredracking performancedor flying ping-pongball. Shovn
arecentroiderror, link velocity andobsenedareaof taget. This datawaslogged
by RTVL.

ologicalevidencethatthe oculomotorcontrol systemcanbe considered continuous
time system Like therobotvisualseno systendiscusse@arliet the eye controlleris
drivenby retinalpositionor velocity which measureslirectly theerrorbetweertarget
andeye direction. Sincethe systemis driven by an errorsignalit is a negative feed-
backsystemwhich admitsthe possibility of stability problems.However despitethe
significantdelaysin the sensolandactuatorthis feedbacksystems stable.To explain
how the mechanisnavoidedinstability he proposeshe existenceof aninnerpositive-
feedbacKkoopthatcancelghe effect of the potentiallyproblematimnegative-feedback
loop. This structureis shavn in block diagramform in Figure 7.40. Ideally the two
feedbackpathscancelso the resulting dynamicsare dictatedby the forward path.
Suchanexplanationis somavhatbizarrefrom a controlsystemsoint of view where
'positive feedback'is generallyconsiderecassomethingo be avoided. However the
proposednodel canbe interpreted seeFigure 7.41, as being structurallysimilar to
the velocity feedforwardcontrol describedn the previous section. The effect of the
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Figure7.40: Proposednodelof oculomotorcontrol systemafter Robinson[214]
with somenotationaldifferencego conformwith this work. Squareboxescon-
tainingnumbergepresenpuretime delayin unitsof milliseconds.P; andP, are
adaptve gains.Actuatordynamicsaretakento beP(s) = 1.
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Figure7.41:Rearrangemerdf Figure7.21to shawv similarity to Robinsonspro-
posedoculomotorcontrol system. P(z) is definedby (7.43)andis essentiallya
summation.The pathshown dottedrepresentshe lesssignificantfeedbackpath,
whichif eliminatedresultsin a structurethatis identicalto Robinsons.

positive feedbackis to createan estimateof the tamget velocity, basedon measured
retinal velocity and delayedeye velocity command. The feedforwardcontroller of
Figure7.21is very similar exceptthattamget positionis estimatedrom 'retinal' and
motorpositioninformationandthendifferentiatedo form the principalcomponenbf
themotorvelocity signal.

Eliminating negative feedbackasshavn in the modelof Figure7.40,alsoelimi-
natesits benefits particularlyrobustnesso parametewariations.In a biological sys-
temthesevariationsmay be causedy injury, diseaser ageing. Robinsonproposes
that parameteladaptionoccurs,modelledby the gaintermsP; andP,, andprovides
experimentalevidenceto supportthis. Such'plasticity’ in neuralcircuitsis common
to much motor learningand involves changeover timescalesmeasuredn daysor
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even weeks.Parametewariationagainadmitsinstability, if for instancehe positive-
feedbaclkgainis greaterthanthe negative-feedbaclgain. Robinsons paperdoesnot
discusghe dynamicsof the actuatorapartfrom time delay but it maybethatfor eye
actuationinertiaforcesareinsignificant.

7.7 Summary

The useof machinevision for high-performancenotion controlis a significantchal-
lengedueto theinnatecharacteristicef thevision sensowhichincluderelatively low
samplerate,lateny andsignificantquantization Many of thereportsin theliterature
uselow loop gainsto achieve stable put low-speed¢closed-looprvisual control.

The simple and commonlyusedproportionalfeedbackcontroller, while demon-
strating an adequatestep responsehas poor tracking performance. Compensator
design,to improve this performancehasfollowed classicallinear principlesof in-
creasingsystemType andpositioningthe closed-loopolesby meanf PID or pole-
placementontrol. It hasbeenfound thatthe closed-looppolescannotbe madear-
bitrarily fastandareconstrainedy a practicalrequirementor compensatostability.
Thisinstabilityis believedto bedueto modellingerrors,or plantnon-linearitiesvhich
leadto modelerrorsatsaturation.

It is difficult to quantitatively comparethe performanceof this systemwith other
reportsin the literature,due largely to the lack of ary commonperformancemet-
rics. A trackingperformanceaneasurevasdefinedin termsof imageplaneerrorfor
a standardsinusoidaltarget motion. A numberof reportson robotheadg231,270]
cite impressve peakvelocity andacceleratiortapabilities but theseareachieved for
saccadimot closed-looprisually guidedmotion. Mary reportsprovide stepresponse
dataandthis givessomemeasuref closed-looandwidthbut it hasbeenshavn that
phasecharacteristicarecritical in trackingapplications.

The experimentalconfigurationusedin this work, like the majority of reported
experimentalsystemsjmplementsa visual feedbackloop aroundthe robot's exist-
ing position-controlloops. However it hasbeenshavn that the redundantevels of
controladdto systencompleity andcanreduceclosed-looperformancdy increas-
ing open-loopateng. Investigationof alternative control structuredasedn various
underlyingaxis-controlmethodsconcludedthat axis feedback,at the leastvelocity
feedback s requiredto give acceptablgerformancegiventhe low visual sampling
rateandthe non-idealityof arealrobotaxis.

Thedesignconstraintsnherentin feedback-onlycontrolleadto the consideration
of feedforwardcontrol, which givesadditionaldesigndegreesof freedomby manip-
ulating systemzeros. A 2-DOF variable-structure@elocity-feedforwardcontrolleris
introducedwhich is capableof high-performancérackingwithout the stability prob-
lems associatedvith feedback-onlycontrol. The feedforwardapproacheffectively
transformghe problemfrom controlsynthesigo motionestimation.



7.7Summary 261

Thenext chapterextendstheprinciplesdevelopedn this chapterandapplieshem
to visualsenoing for directend-pointcontrolandto 3-DOFtranslationatracking.
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Chapter 8

Further experimentsin visual
senoing

This chaptemextends,andbringstogetherthe principlesdevelopedin earlierchapters.
Two examples bothinvolving dynamicvisual senoing, will be presentedFirstly 1-
DOFvisualcontrolof amajorrobotaxiswill beinvestigatedvith particularemphasis
ontheendpointratherthanaxismotion. Secondlyplanartranslationatameracontrol
will be investigatedwhich requirescoordinatedmotion of the robot's 3 baseaxes.
Thesimple2-DOFcontrolof the previouschapteeffectively decoupledhedynamics
of eachaxis, with one actuatorper cameraDOF In this casethereis considerable
kinematicanddynamiccouplingbetweenthe axesinvolved. This chaptermust, by
necessityaddressa numberof issuesin robot or motion control suchas controller
structureartifacts,friction andstructuraldynamics.Mary of thesetopicshave been
introducedpreviously andwill notbedealtwith in greatdetailhere;rathera’solution'
orientedapproachwill betaken.

8.1 Visual control of a major axis

Previous sectionshave describedhe visual control of the robot's wrist axes, which
arealmostideal,in thatthey have low inertiaandfriction andarefreefrom structural
resonancem thefrequeng rangeof interest.This sectioninvestigatesheapplication
of visualsenoing to the controlof a majorrobotaxis, in this casethe waistaxis,and
it will beshavn thatthe controlproblemis non-trivial dueto 'real-world' effectssuch
assignificantnon-linearfriction andstructuralresonances.

In thisexperimentthecameras mountedntherobot'send-efector, whichmoves
in ahorizontalplaneoveraworktableonwhichthetargetobjectsitsatalocationthatis

263
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Figure8.1: Planview of the experimentabketupfor majoraxiscontrol.

only approximateljknown. Therobot'swaistjoint swingsthroughapproximately30°
andis visually senoedto stopwith the cameradirectly over thetarmget. Only 1-DOF
is controlled,sothe cameras true motionis anarcandthe positioningis suchthatthe
X-coordinateof thetarget's imageis broughtto the desiredmageplanelocation. A
schematiglanview is shavnin Figure8.1.

This experimenthassomesimilarity with thewayin whichrobotsareusedo per
form partplacementn planarassemblyapplicationssuchasPCB manufactureThat
role is typically performedby high-speedSCARA robotswhich mustmaove quickly
from partfeederto the partlocation, settle,andthenreleasehe part. Electronicas-
semblyrobotssuchasthe AdeptOnearecapableof positioningaccurag of 75pmand
end-efectorspeedof 9m/s.

8.1.1 The experimental setup

Thecamerdooksdownwardtowardthetable.As thecamerawingstowardthetarget,
thetamgetappearso move in thenegative X directionwith respecto the cameras co-
ordinateframe.The X componentf thetarget's centroidis takenasa measuref the
cameras positionrelative to thetamget. Therobotarmis well extendedsothatalarge
inertiais 'seen'by thejoint 1 axis. Thearmposeis [61, 18, —123 0, 14, —90°, and
usingtherigid-bodydynamicmodelfrom Sectior?.2.4yieldsaninertiafor joint 1 due
to link andarmaturenertiasof 3.92kg.m?. Thecameranertia,computedrom known
massandrotationradius,is 0.970kg.m2. Thetotal inertiaat thelink is 4.89kg.m?, or
in normalizedform, 7.5y, . In this posethe cameraotationalradiug is 969mmand

1Thedistancebetweerthejoint 1 rotationalaxisandtheoptical axis of the camera.
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Time (s) ka (radl/s) épk (radl/S)
1.0 0.98 2.95
0.8 1.23 4.60
0.6 1.64 8.18
0.5 1.96 11.8
0.4 2.45 18.4

Table8.1: Peakvelocity andacceleratiorior thetesttrajectorywith decreasinglurations.

wasdeterminedy a calibrationproceduravhich measuredheratio of targetcentroid
displacemento joint anglerotation.

8.1.2 Trajectory generation

In this experimentthe manipulatorperformsa large motion, and visual information
from thetargetis availableonly duringthelatterphaseof themove. A trajectorygen-
eratoris thusrequiredto move therobotto the generalicinity of thetarget. Thetra-
jectoryusedss a quintic polynomialwhichhasthedesirablecharacteristicsf continu-
ousacceleratiorandcomputationasimplicity. In termsof normalizedime0 <1< 1
wheret = t/T andT is thedurationof the motion,thejoint angleis

8q(T) = AT°+Bt*+CT3+F (8.1)

Thecoeficientsarecomputedrom theinitial andfinal joint angles 8o and8; respec-
tively.

A = 6(81—60) (8.2)
B = —15(61—6p) (8.3)
C = 10(61—6o) (8.4)
F = 6 (8.5)
Velocity is givenby
de de dt
= % (5At* +4Bt3 + 3C1?) (8.7)

andin asimilar fashionaccelerations shovn to be

d?e 1

ik (20At® + 12Bt?+ 6C1) (8.8)
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Figure8.2: Position,velocity andacceleratiomprofile of the quintic polynomial.

Theminimumachiezablemove durationwill ultimatelybelimited by friction and
amplifiervoltageandcurrentsaturation.The peakvelocitiesandacceleration$or this
trajectoryhave beencomputedfor a numberof time intervals, andtheseresultsare
summarizedn Table8.1. Basedon the manipulatorperformancdimits from Table
2.21it is clearthatthe 0.5strajectoryis atapproximatelythevelocity limit for joint 1,
andwill be selectedasthe referencdrajectoryfor this section.Figure8.2 shavs the
computedoositionandvelocity asa functionof time for a0.5sswingover 30°.

Theaveraggoint velocityis 1radl/swhichin this poseresultsin anaveragetrans-
lational velocity of around1000mm/s, the quotedlimit of the Puma560[255]. The
peakcameraranslationalelocity is almost2000mmy/s, whichwith anexposuretime
of 2mswouldresultin amaximummotionblur of 4mm causingalaggingimagecen-
troid estimateandsomedistortionof the targetimage. Theseeffectsdecreasasthe
robotslows down on approactio thetarget.

8.1.3 Puma'native' position control

Jointpositioncontrolis performedby the Unimatepositioncontrol systemdescribed
previously in Section2.3.6. The hostissuessetpointscomputedusing(8.1) at 14ms
intervalsandtheseare passedo thedigital axisserw. Thisinterpolatesbetweerthe
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Figure8.3: Measuredhxisresponsdor Unimatepositioncontrol, shoving posi-
tion, velocity andaccelerationmeasuredsolid) anddemanddotted). Datawas
recordedby the RTVL systemat 14msintenals,andanoff-line proceduraising
5-pointnumericaldifferentiationwasusedto obtainthe 'measured‘velocity and
acceleratiordata. Note the stepdeceleratiorat 0.45s or 70ms beforethe first
zerocrossingof themeasuredelocity. All quantitiesareloadreferencedangles
in radians.

positionsetpointemittedby thetrajectorygeneratoandclosesapositionlooparound
therobot'sanalogvelocity loop ata samplerateof approximatelyl kHz.

The performancef the Unimateseno systemis shavn in Figure8.3which com-
paresthe demande@&ndmeasureaxis position,velocity andaccelerationlt canbe
seerthatthemeasuregbint anglelagsconsiderablpehindthe desiredoint angleand
thatthe axisvelocity has'bottomedout' betweerD.25and0.45s. Thelimiting value
of -1.6radl/sis dueto velocity loop saturationTable2.20predictsa velocity limit of
1.42radl/sfor joint 1 whichis of asimilar orderto thatobseredin this experiment.
The positionloop hasvery high gainandit canbe shaovn from Section2.3.6thatthe
velocity loop demandwill besaturatedor positionerrorgreatethan0.018adlor 1°.
By t &~ 0.45s positionerror is sufiiciently smallthatthe velocity demandisesabove
the saturatiorlevel andthe axisbeaginsto deceleratendthe acceleratiorplot shavs

2Gainvariationin the analogelectronicsmentionedn Section2.3.6,or friction variationmayaccount
for this discrepancy
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Figure8.4: Measuredoint angleandcameraacceleratiomunderUnimateposition
control. Datawasrecordedwith a 2-channeldata-acquisitiorunit andthe time
scalesof this figure arenot alignedwith thoseof Figure8.3. However the onset
of oscillationis around70msbeforethejoint anglepeak.

a stepoccurringat this time. Considerablaleceleratiorcanbe achiered sinceback-
EMF actsto increasemotor currentwhich will thenbe limited by the currentloop,
while Coulombandviscousfriction alsosupplydeceleratingorque.
Figure8.4shavstheresponsef themotorjoint angleandthecameraacceleration
for the0.5strajectoryrecordedisinga 2-channetlata-acquisitionnit. Thejoint angle
hasovershotby 8.3 x 10-3radlresultingin acameravershoobf 8mm. Fromtheplot
of cameraacceleratiorthereis clearly considerabl@scillationof the camerapeaking
at4g. The high deceleratiorcausedy the axis controller showvn in Figure8.3, has
excitedaresonancé themanipulatostructureataround20Hz. Thelargeoscillation
between0.10 and 0.15s hasan amplitudeof approximatelyl5m/s? corresponding
to a displacemenamplitudeof 1mm. The lower level vibration presentafter 0.25s
correspond$o a displacemenamplitudeof around0.3mmwhichis significantlyless
thanlpixel. Figure8.5compareghedisplacementf the cameradetermineddy two
differentmeans.Over the smallangularangeinvolvedin motionnearthe tamget, the
end-efectorpositioncanberelateddirectly to link angle,81, by

Xm =101 (8.9
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wherer is the radiusof camerarotation. The displacementanalso be determined
from thecamera _
X = Kjens X (8.10)

wherethe lens gain, in this translationalcontrol case,will be a function of tamget
distanceasdiscussedh Section6.3.2.Lensgainwasdeterminedrom theimageplane
distancebetweenthe centroidsof calibrationmarkerswith known spacingresulting
in an estimateKens= 0.766mm/ pixel. Figure 8.5 is derived from dataloggedby
the controlleritself. Timestampson target centroiddataindicatethe time at which
the region datawas fetchedfrom the APA-512, not whenthe camerapixels were
exposed.Howeverthevideo-lockedimestampingystemallows the exposuretimeto
be estimatedandthisis usedwhenplotting centroiddatain Figure8.5. Thereis good
correspondencketweenthe two measurementas the robot approacheshe tagef.
However atthe peakof theovershoothevision systenindicateghatthedisplacement
is 1.9mmgreatetthanthatindicatedby theaxis. Datarecordedduringthe experiment
alsoindicateghatjoints 4 and6 rotateby 1.5 x 10-3 and6 x 10~*radlduringthis part
of thetrajectory dueto inertial forcesactingonthe cameraln this pose suchrotation
would tendto reducethe visually perceved overshoot.From Figure 8.5 the damped
naturalfrequeng of the overshootmotion is approximately7 Hz andthis would be
largely a function of the Unimate positionloop. As discussedn Section2.3.6the
switchableintegral action featureof the positionloop* resultsin a poorly-damped
low-frequeng pole pair. With integral actiondisabledthe overshootis only 60% of
that shavn in Figure 8.4 andthereis no subsequentindershoot.However the axis
stops37 x 10-3radm(6encodensor 0.5mmshortof thetargetdueto friction effects.

8.1.4 Understandingjoint 1 dynamics

The purposeof this sectionis to develop a simple model of the joint 1 dynamics
which includesstructuralresonancen the transmissiorand the electro-mechanical
dynamicsof the motor and currentloop. Figure 8.6 shavs the measuredrequeng
responsdunction betweernmotor shaftangleandacceleratiorof the camerafor the
robot in the standardposeusedfor this experiment. Thereare 3 structuralmodes
in the frequeng rangemeasuredthe first occursat 19Hz which is below the 25Hz
visual Nyquistfrequeng; the othersareabove the Nyquistfrequeng andmay result
in aliasing.

3Thereis evidencethatthejoint anglemeasuremenagsapproximately2 msbehindthevision measure-
ment. This may be dueto incorrectcompensatiomf timestampeaentroiddata,or overheadandtiming
skew in readingencodedatafrom the Unimatedigital serwo board.In additiontheencodewaluereturned
by the seno is the value at the last clock period. Furtherrefinementof measuremenimeswill not be
pursued.

4Integralactionis configuredo switchin whenthe axisis within 50 encodercountsof thetargetwhich
is 0.005radlfor this axis.
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Figure8.5: Measuredip displacementieterminedrom axissensingdotted)and
end-efectormountedcamergsolid).

The current-looptransferfunction was measuredseeFigure 8.7, and a model
fitted upto 30Hz
Qm — 6.26 [0.029, 120
Vi, (33.0)[0.14, 165

This indicatesa realpole at 5.3Hz anda lightly dampedcomplex pole/zeropair due
to themechanicatesonanceTheanti-resonanci this transferfunctioncorresponds
to the 19Hz resonanceseenin the frequenyg responsef Figure8.6. It is interesting
to comparehis responsavith the muchsimpleronefor joint 6 shavnin Figure2.15.

The velocity-loopfrequeng responsdunction wasalsomeasuredandthe fitted
modelis

radmyVs (8.11)

Qn _ , 5, [0.018 117

Vo, (82.0)[0.31, 137 radnyVs (8.12)

The structuralzerosare unchangeti by the actionof the velocity loop andthe struc-
tural polesare more damped. The low-frequeny real pole hasbeenpushedout to
around13Hz. A root-locusshawving the effect of velocity feedbackon the simple
modelof of (8.11)is shavn in Figure8.8. The naturalfrequeng of theresonancés
reducedmamginally andfor moderategainsthedampingis increased.

Swithin theaccuracyof the estimatiorprocedure.
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Figure8.6: Measuredrequeng responsdunction 1/( jw)?Xcam/©m which in-
cludesarm structureandtransmissiordynamics.Thefirst resonancés at 19Hz.

Goodcoherencevasobtainedabove 4Hz.

The main aspectof the joint 1 dynamicsare accountedor by the simple two-
inertiamodelshavnin Figure8.9. In thismodelJy, representthemotorinertiaandJ,
the motorreferencednertiaof thearmandcamera Elasticityandenegy dissipation
in the transmissionphysicallydueto torsionalcompliancein thelong vertical drive
shaftbetweernthe bull gearandlink 1, aremodelledby the springK anddamperB.
Motor friction is representedly By, andmotorelectricaltorqueis T,

Laplacetransformedequationf motionfor this systemmaybewritten

PI®m = Tm—BmSOm— (Bs+K)(On—09)) (8.13)
£3O = (Bs+K)(Onm—9)) (8.14)

Thesereduceto thetransferfunctions

Q On  J2+Bs+K

Ym _ POm _ IS +BSTK (8.15)
Tm Tm A

Q O, Bs+K

& _ O BstK (8.16)

Tm Tm A
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Figure8.7: Measuredrequeng responsdunction magnitudefor joint 1 motor
andcurrentloop Qm(s) /Vi,(s).

where
A= Ind S+ [(In+J)B+Bmd ]S + [(In+J)K + BBy s+ KB (8.17)

Thetransferfunctionfrom motorpositionto load position,measuredh Figure8.6,is
givenby this simplemodelas

®  BstK

Om  J£+Bs+K (8.18)
()
= Towl (8.19)

in theshorthandotationemployedoreviously. Thenumeratoiof thetransferfunction
(8.15)is thesameasthe denominatoof (8.18)andthiswasobseredin themeasured
transferfunctionsshovn in Figures8.6and8.7.1n (8.19),

Op = K (8.20)

B
K
w = \/} (8.21)
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model. The markedclosed-looppolescorrespondo a loop gain of 11.5which
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Figure8.9: Schematiof simpletwo-inertiamodel.

B
= — 8.22
o /K3 (8.22)
Inspectionof Figure 8.6 indicatesthat wy/21m = 19Hz (wp = 120rad/s) andthatag
is at someconsiderablyhigherfrequeng. From (8.21)it is clearthat the resonant
frequeny decreaseasthe 'outboard' inertia, J;, increases.The selectedobotpose
hasalmostmaximumpossiblanertiaaboutthejoint 1 axisthusbringingtheresonance
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aslow aspossible.
Consideringhow themotor current-to-elocity transferfunctionmeasuredh Fig-
ure8.7,themodelversionis, from (8.15)and(8.17),

Qm 1 [ZO? (*b]

— 8.23
T Bm (O)-0] (8:29)
Theexperimentaimodel(8.11)indicateshat

w = 120 (8.24)

(o = 0.029 (8.25)

c = 33 (8.26)

w = 165 (8.27)

{ = 014 (8.28)

Using the previously obtainedestimateof Jn+ J = 7.5Jn, andthe parametewvalue
Jm = 200x 10-6kg.m?, it canbe deducedhat

J = 1.3x103kg.n? (8.29)

K=Jwl = 187N.m.s/rad (8.30)
B=2loy/K} = 9.05x 1073N.m.s/rad (8.31)
Bmn = 0.032N.m.s/rad (8.32)

Henceop = K/B = 2069rad/s (329Hz), too high to berevealedin the measurement
of Figure8.6.

If therewasno compliancen thetransmissiorfrom motorto load, (8.15)would
reduceto

Qm 1

T (Gm+3)5+Bm (8:33)
_ 1/By
= o (8.34)

whereo; = Bn/(IJm+J)). Therealpoleof thecompliantsystemats = —o is different
from —a;. Numericalinvestigationshavsthatfor for high stiffnessandlow damping
o will bevery closeto but slightly morenegative thanos.

8.1.5 Single-axiscomputedtorque control

As apreludeto trialing visualseno controlof thewaistaxis, a single-axiscomputed-
torquevelocityandpositioncontrollerwasimplementedPositioncontrolis necessary
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Figure8.10: SIMULINK modelCTORQUEJ1thejoint 1 computedorquecontroller

for thatphaseof motionwherethetargetis not visible andthe polynomialtrajectory
generatois providing axis setpoints.Velocity controlwill be usedwhenthetametis
visible. Suchan axis controllercanrun at an arbitrary samplerate, eliminatingthe
multi-rateproblemsdiscussectarlier Also, by bypassinghe Unimatevelocity loop,
it is possibleto achiere higherspeedoint motion.

A SIMULINK block diagramof the controlleris shavn in Figure8.10. It is a
straightforwardmplementatiorof (2.84)whereG andC arezeroandM is a scalar
constantresultingin

Ta =M {89 +Kp(8a —8) +K,(64— 6) | + F(6) (8.35)

wheref = 81 in this case.Friction feedforward F(6) is basedon the measuredxis
friction datashovn in Table2.12. A 3-point derivative (7.37) is usedto estimate
velocity for friction compensatioandvelocity feedback.

Basedon experiencewith the joint 5 and 6 velocity loopsit seemedeasonable
to usethe 20msvisual sampleinterval to closethe axis velocity and positionloops.
However it quickly becameclearwhensettingthe control gainsthatit wasnot possi-
ble to meetthe objectivesof tight trajectoryfollowing andstability. Thefundamental
differencebetweerthis axisandjoints 5 and6 is theresonanc@reviously discussed.
Whenthe resonancé€8.18) wasintroducedinto the SIMULINK modelit exhibited
similar behaiour to the real robot. Paul [199] commentsbriefly on this issueand
suggestshatthe samplingratebeatleast15 timesthe frequeny of the higheststruc-
tural resonance.From Figure 8.7 the highestfrequeny resonanipeakin the range
measureds approximately45Hz, which would indicate a desiredsamplingrate of
675Hz. SIMULINK simulationof the controllerandresonancéndicatedthatgood
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performanceouldbeachieved ata samplerateof 250Hz, with anoticeabldmprove-
mentat500Hz. Thediscontinuousatureof processesuchasstick/slipandCoulomb
friction could be consideredashaving harmonicsup to very high frequenciesandis
furthersupportfor therequiremenbdf a high samplerate.

In practicethesamplerateis limited by the processousedfor control. Thesingle-
axis computed-torquéunction (8.35) executesin lessthan400us including axis ve-
locity estimatiorandseno communicationsverheadput mary otherprocessegar
ticularly thoseconcernedvith visionsystenservicing,needo runin atimely manner
Anotherconsideratiorin samplings to avoid beatingproblemsvhenthe 50Hz vision
basedposition-loopis closedaroundthe axis-\elocity controller For thesereasonsa
samplerate of 2mswasselected generatedrom a hardwarecounterdriven by the
systems pixel clock. The computed-torqueontrollerthusrunsat exactly 10 times
thevisualsamplingrate.

Friction compensatiomould ideally makethe armappeato befrictionlessif the
position and velocity feedbackwere disabled. In practice,by pushingthe arm, it
canbe seenthat this ideal is approximatedut thereare someproblems. Thereis a
tendeny for over-compensatiosothat,oncesetmoving, thearmaccelerateslightly
andglidesaway. This clearlyindicatesa mismatchin friction parameterandmaybe
dueto frictional dependencen pose,load or temperature.The effect of stictionis
alsovery noticeablesincefriction compensatioprovidesno torqueat zerovelocity.
In thisimplementatioranoverall friction compensatioscalingtermis introducedand
in practiceis setto 80%. Whenpushingonthe armit is necessaryo 'break’ stiction,
thatis, provide sufiicient torqueto causethe joint to move, at which point friction
compensatiomomesinto effect.

Frictioncompensatiownf thisform noticeablyimprovesperformanceluring high-
speedmotion. However initial experimentsat low speedresultedin extremelypoor
motion quality with pronouncedstick/slip and oscillatory behaiour. At low speed,
|84 < Bmin, friction compensatioris basedon the demandedatherthan estimated
joint velocity asdiscussedh Section2.5.2.1n practicethe valueof By, wasfoundto
be critical to low-speederformancendthatanappropriatesettingis givenby

Bmin > 200 (8.36)

whereAw is the estimatedrelocity 'quanta’ givenby (7.36)andis afunctionof sam-
pling interval.

Figure8.11shavs the measuredesponsef the axis controllerto a stepvelocity
demand.The velocity estimate asusedin the online controller, is extremely noisy,
whichimposesanupperlimit onthevelocity feedbaclgain, K. A single-poledigital

filter .
Q  (1-Mz
= 8.37
Q z—A ( )

o~
is usedto createa smoothedvelocity estimate . In practicea valueof A = 0.85is
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Figure8.11: Measureaxisvelocity stepresponsef single-axiscomputed-torque
control. Demandis +1radl/s. Joint anglewasrecordedby the RTVL system
at 2msintenals, and velocity was estimatedusing the same3-point numerical
differentiationasperformedin the online controller The bottomplot is a more
detailedview of thevelocity estimateafterit hasbeen'cleanedup’ off-line by the
samesingle-poledigital filter usedonline.
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Figure 8.12: Measuredaxis responseof single-axiscomputed-torqueontrol
shaving axis positionandvelocity: measuredsolid) anddemanddotted).Joint
anglewasrecordedby the RTVL systemat 2ms intervals, and an off-line pro-
cedureusing5-pointnumericaldifferentiationwasusedto obtainthe 'measured’
velocity data. The axishasovershotandstopped.005radl shortof thetamget.

used,giving afilter bandwidthof 13Hz. Thebottomplot in Figure8.11is afiltered
versionfrom whichit canbe seerthatthereis very slight overshootandarisetime of
around0.1sleadingto a bandwidthestimateof approximatelybHz.

Figure8.12shovstheperformancef thecomputed-torqueontrollerfor thestan-
dard0.5s swingtrajectory The computedorquecontroller(8.35)andthetrajectory
generatof8.1), (8.7) and(8.8) areexecutedevery 2ms. The controlgainshave been
setempirically so asto achiere goodtrajectoryfollowing with minimum overshoot.
Thereis againevidenceof velocity saturatiorbut at a higherspeedhanfor the Uni-
mates native velocity controller The final value of the joint angleis lessthanthe
demandsincetheaxishasovershotandstoppediueto stiction. For over-dampedmo-
tion, stictionwould stoptherobotshortof its target. Increasegroportionalgain, Kp,
would reducethis errorbut is limited in practiceby stability criteria. Increasingooth
Kp andKy leadsto roughmotiondueto noiseonthevelocity estimate Integral action
wasexperimentedvith, butit wasdifficult to achieve bothstability andaccuratdarget
settling.

Comparedo the native Unimate position andvelocity loops this controllerhas
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Characteristic

Unimate

Computed-torque

samplerate

velocity estimation

positionloop at 1msin-
terval

analog synthesis from
encoder signals with
considerable low fre-

positionloop at 2msin-
terval

digital estimation from
encodersignals at 2ms
interval

gueng gainboostdueto
low-pasdilter
analogimplementation | digitalimplementatiorat

2msinterval

integral action

Table8.2: Comparisorof implementationatlifferencesetweerthe native Uni-
matecontrollerandcomputed-torqueontrollerimplemented.

inferior low-speederformanceparticularlyin termsof achieving thetargetposition.

Thesignificantimplementationatlifferencedetweerthetwo controllersaresumma-
rizedin Table8.2. A numberof paperd162,247] have examinedthe performancef

Pumacomputed-torqueontrollersbut the performancemetric usedis alwayshigh-

speedrajectoryfollowing error. Apart from noting this issueit will not be pursued
furthersincethe experimentis concernegrimarily with high-speednotion.

The few narrav spikeson the velocity estimateare dueto timing jitter, thatis,
non-uniformtime stepsin samplingthe axis position. They arepresentven during
motion with no velocity feedback. Statisticsshav the standarddeviation in sample
timing is generally0.1msor 5% of the samplenterval. In someinstanceshetiming
jitter is moreseveredueto otheractiity underthereal-timeoperatingsystemsuchas
interruptlevel processingFirstattemptsat controlusingthis highsamplerateyielded
velocity plotswith a markedoscillationat approximately75Hz. Investigationof this
phenomenorshaved it to be dueto interactionbetweenthe 2ms computed-torque
procesgequestinghe axis positionandthe 984ps processn the Unimateaxis seno
boardwhich updateghe internal16-bit softwareencoderegisterfrom the hardware
encodeicounter This wasovercomeby modifying the Unimateaxis firmwaresothat
whenin currentcontrol modeit will returnthe instantaneousncodewvalue,not that
obtainedatthelastseno clock tick.

8.1.6 Vision basedcontrol

This sectionintroducesa hybrid visual control stratgy capableof stoppingthe robot
directly over a randomly-placedarget. The first phaseof the motion is underthe
controlof thetrajectorygeneratoaspreviously. Oncethetarmgetcomesinto view the
centroiddatafrom the end-mounteadtamerais usedto bring therobotto a stopover
the target. The trajectorygeneratorand computedtorque control law are executed
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Figure 8.13: Measuredaxis responseunderhybrid visual control showving po-

sition and velocity: measuredsolid) andtrajectory-generatodemand(dotted).

Notethattheaxispositionhassettledat a negative valuein orderto move the ma-

nipulatoroverthetamget. Thesystenswitchedo visualserwoingatapproximately
t=0.4s

ata 2msinterval asin the previous section,until the targetcomesinto view. Under
visual control the centroidand centroidvelocity are estimatedevery 20ms andused
to computethe axis velocity demand

Ba = 'Kp(Xg —'X) + K,/ X (8.38)
usingasimplePD controllaw. Thecomputedorquecontrolis still executedata2ms
interval but the axis positionerror andtrajectoryacceleratiorfeedforwardtermsare
droppedgiving

ta=M{Ky(8y—0) } +F(§) (8.39)

whereKy hasthe samevalueaspreviously. The gainsfor the visual seno loop, iKp
and'Ky, weresetempiricallyandit was possibleto achiee good steady-staterror
performancewith acceptablevershoot. Relatively high gainswere possibledueto
the effectivenessf the computed-torqueelocity loop. Onceagainthe high level of
friction wasa problemat low speedandattemptsto achieve critical dampingled to
the robot stoppingshortof the target. The additionof anintegral termto (8.38)is
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Figure8.14: Measuredip displacementleterminedrom end-efector mounted
camerdor hybrid visualcontrol strateyy.

helpful in the longertermin bringingthe robotto the destinationput high levels of
integral gainagainleadto oscillatorybehaiour.

Figure8.13showvs atypicaltrajectoryfor atargetdisplacedapproximatey20mm
from thedestinatiorof thetrajectorygeneratarTheeffectof this displacementanbe
seenn thefinal valueof thejoint anglewhichis -0.0884radlratherthanthetrajectory
generatodemandof Oradl Thetargetcomesinto view at0.32s andthetransitionin
control stratgiesoccurred4 field timeslater at approximately0.40s. The transition
is smooth helpedby the axis beingvelocity-limited at that point. Figure8.14 showvs
the end-pointerror sensedy the camerascaledinto lengthunits. The end-pointhas
followedanalmostcritically dampedrajectoryandby 0.60sthe end-pointhassettled
to within 1pixel or 0.78mm of thetargetwhosepositionwasunknown.

8.1.7 Discussion

This sectionhasprovideda preliminaryinvestigationinto someof theissuesnvolved
in the control,usingvision andaxisfeedbackpf a realisticrobotaxis. The axischo-
senhasa numberof seriousnon-idealitieghat includeresonancandhigh levels of
stiction, viscousand Coulombfriction. A high-bandwidthvelocity loop wasimple-
mentedusinga single-axiscomputed-torqueontrollerwith velocity estimatedrom
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measureaxisposition. Althoughthewrist axescouldbevelocity-controlledat 50Hz,
this axishasa numberof resonancesp to 45Hz which seriouslylimit theachievable
closed-loopperformanceThe dynamicsof the stick-slipand Coulombfriction effect
alsohave very shorttime constantsequiringa high samplerate. The digital velocity
loop wasrun at 500Hz and provided high-qualityvelocity control for the overlying
trajectorygeneratoor visualfeedbackoop.

A challengingtrajectorywaschosenat the performancdimit of the robot. The
Unimateaxis controller, with its lower velocity capability wasunableto follow the
trajectoryandaccumulatedncreasingpositionerror. As theaxisapproachethedes-
tinationit deceleratedery rapidly, therebyexciting structuralresonancem the arm.
Theseresonancesould be detectedy an accelerometemountedon the cameraand
alsoby their effect onthemotor'stransferfunction. This lattereffect causedlifficulty
with a 50Hz digital velocity loop andthe sampleratehadto beraisedto 500Hz. The
computed-torqueontrollerwasable to achieze a more rapid responsewith similar
overshoot,but was more proneto stiction and currently haspoor low-speedmotion
capability The hybrid controller, usingvisualfeedbacKor final positioning,wasable
to reliably positionthe robotto within 1 pixel of the centroidof a randomlyplaced
tamget.

Interestinglythevisualloop, despitdts low samplerate,wasseeminglyunafected
by the structuralresonanceThis is partly dueto thelow displacemenamplitudeof
the oscillation. In the exampleof Section8.1.3the peakamplitudeis only 1mm or
approximatelyl.3pixels despitethe significantaxis acceleratiorstep. Closeinspec-
tion of the visually sensedip displacemenin Figure8.5 shavs no evidenceof this
oscillation,whichwill be maskedy the motionblur effectdiscussedh Section3.5.6.

Visual serwing is likely to be mostusefulin controlling manipulatorghat are
eithervery rigid or, moreinterestingly lessstiff (andhencecheaper)with vibrations
occurringwell belown the Nyquistfrequeng andthusamenabléo visual closed-loop
endpointcontrol. The latteris quite feasible,with the bandwidthachiezable limited
primarily by thesamplerateof thevisualsensorCannon42] obseresthatcontrolof
themanipulators end-pointusinga non-colocatedensoicomplicatecontroldesign,
but canresultin superiomperformanceUnfortunatelythe Pumarobotavailablefor this
work is moredifficult to control, sincesignificantresonancesxist on eitherside of
the Nyquistfrequeng, eventhoughtherobotposewasselectedn orderto minimize
thosefrequencies.

8.2 High-performance3D translational visual servoing

This sectiondescribesin experimentin high-performancéranslationavisual seno-
ing. Threerobot DOF are controlledby imagefeaturesso asto keepthe cameraat
a constantheightvertically above a target rotating on a turntable. A plan view is
shavn in Figure 8.15. The controllerwill usevisual feedforwardof tamget velocity
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Figure8.15: Planview of the experimentaketupfor translationaliisualsenoing.

andcomputed-torquaxisvelocity-controlloopssinceaxisinteractiontorquesareex-
pectedo besignificantat the anticipatedoint speedsndaccelerations.

8.2.1 Visual control strategy

In orderto control3 robotDOF we require3 'pieces' of informationfrom theimage.
As in previous examplesthe centroidgivesan X andY targetdisplacementvith re-
spectto the cameraandtheextra informationrequiredis targetdistance From (3.66),
for the X-axis, we canwrite
Cc
% = 21 (ix—x) (8.40)
oy f
which givesthe estimatedarget positionrelative to the cameran termsof theimage
planecoordinateandtamet distance.A similar expressioncanbe written for the Y-
axis. Thecameracoordinatdramecanbedeterminedrom measuregbint anglesand
forwardkinematics
Te=K(®)*Tc (8.41)

which providesthe camergposein world coordinatesllowing the target positionin
world coordinatedo be estimated

0%, = T x, (8.42)

where®x, = [°%, %, °z].
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The remainingproblemis estimationof targetdistancefz, which is requiredto
control the robot's Z-axis Cartesiarmotion andis alsorequiredin (8.40). Using a
monoculawiew the approache$o distanceestimationareratherlimited. Stadimetry
is asimpletechniquébasedntheapparensizeof theobjectbutis sensitveto changes
in lighting level andthresholdasdiscussedh Sectiord.1.3.4.A morerobustapproach
is basedon the distancebetweenthe centroidsof two featuressince centroidwas
previously shawvn to berobustwith respecto lighting andthreshold.Considerascene
with two circularmarkerawvherethe X andY imageplanecomponentsf thecentroid
differenceare _ _ _ _ _ _

"D ="' X1 —"Xo, 'y ="Y1—"Y> (8.43)

The X andY axeshave differentpixel scalefactors,seeTable 3.8, sothesedisplace-
mentsmustbescaledto lengthunits
°z' Ax A °z' Ay

N = =
T ookf T T ayf

(8.44)

Thedistancebetweerthe centersof the markers

A= \/D2+02 (8.45)

is known, allowing anexpressiorfor rangeto bewritten

5 = fa (8.46)

ia2\2  fip2y 2
(a) + (&)

The centroid usedfor fixation purposess the meancentroidof the two circle
features.Thetametpositionestimatesn theworld framearegivenby (8.42)andthe
XandY componentareinputto trackingfiltersin orderto estimatahetarget'sworld-
frameCartesiarvelocity, %, . This providesthevelocity feedforwarccomponenof the

robot's motion. The feedbackCartesianvelocity componenis derived from image-
planecentroiderrorandestimatedargetrangeerror

% = 'Kp(Xg—'X)+! Ky X (8.47)
Vo = p(Yd—'Y)—i—K'Y (8.48)
Ze = Kz —z) (8.49)

As shown in Figure8.16the two velocity componentsiresummedn the wrist refer
enceframe
toy — tg 7103 ts 7 Cy
X4 = Jo¥% + JcXe (8.50)
N—— N——

feedforward feedback
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Figure8.16: Block diagramof translationatontrolstructure.

The camera-mounfacobian!eJ., is a constantandis determinedfrom T given
earlierin (4.73))using(2.10)to be

0 0
0 -1 (8.51)
1 0

tGJC:CJt;l:

[oNeN

andinvolvesonly transpositiongindsign changing.The otherJacobian'sJo, is con-
figurationdependenanddeterminednline using (2.10) andthe currentestimateof
OTt
-
In thefinal stepthetotal Cartesiarvelocity demands resohedto joint velocity by
the manipulatorJacobian _
8y = "0Jg(8) Moy (8.52)

to provide the axis velocity demand.The inversemanipulatorJacobiaris computed
usingthe methodof Paul andZhang[202]. All Jacobiansn the above equationsare
3x3.



286 Further experimentsin visual servoing

8.2.2 Axis velocity control

High-performanceaxis velocity control will be requiredfor the robot's baseaxes,
and from experiencein the previous sectiona high samplerate will be required.
Computed-torqueontrolwill be usedto compensatéor rigid-body dynamiceffects
which are expectedto be significantin this experiment. For online dynamicscom-
putationit is desirableto divide the computationinto two componentspne executed
at the axis seno rate and anothey generallycoeficient computation,executedat a
lower rate. Thereare two motivationsfor this. The first, which is widely men-
tioned[149,201,228], is that this reduceshe amountof computationthat needbe
doneatthehigh samplerateandthussignificantlylowersthe burdenontheprocessor
SecondlySharkg et al. [228] suggesthatit may be countefrproductive to compute
joint torquesat a high-ratebasedon a dynamicmodelthat doesnot takeinto account
higherorder manipulatordynamiceffects. The RNE proceduredescribedearlierin
Section2.2.2computegorqueasa function of 8, 8 and8 andsuffersthe objections
justmentionedvhencomputedatthe high samplerate.

In reportsof controllersusingthis dual-rateapproach149,228] the coeficient
matrices,M, C, and G are computedat a low ratewhile the torqueequation(2.11)
is executedat the higher samplerate. However this raisesthe questionof how to
calculatethesecoeficient matrices. Symbolicalgebraapproachesould be usedbut
the run-time computationakcost may be significantsincethe efficient factorization
of theRNE procedureannotbe exploited. Armstrongetal. [20] provide closed-form
expressiondor thecoeficientmatricesderivedby symbolicanalysisandsignificance-
basedsimplification;howeverthekinematiccornventionsaredifferentto thoseusedin
thiswork. Insteadtheapproactakenwasto begin with the symbolicsum-of-product
torqueexpressionglevelopedearlierandapplythe culling procedureof Section2.6.3
to automaticallyeliminatetermsbelov 1% significance.The expressionsverethen
symbolicallypartitioned _

1=M(8)8+N(6,6) (8.53)

whereM isthe 3 x 3manipulatoinertiamatrixandN is a 3-vectorcomprisingumped
gravity, centripetalandCoriolis torques.Given coeficientsM andN equation(8.53)
canbe evaluatedwith only 9 multiplicationsand9 additionsresultingin a very low
computationaburdenof only 81pus. The coeficientsM and N, updatedat 25Hz,
arecomputedby a MAPLE generatedC' functionthattakesl.5msto execute.The
low rateof coeficient updateis not a problemin this situationsincethe posecannot
changesignificantly over the interval, and axis velocity can be assumecpiecavise
constansincethedemands only updatedat thevideo samplerateof 50Hz.
Evaluatingthe coeficientsfrom the expandedorqueequationis computationally
lessefficientthanthe RNE algorithm.However this approactallows the computation
to be partitionedinto a 'lightweight' componentor executionat a high seno rate
anda moderatelymoreexpensve componento executeat a lower samplerate. The
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computationaburdencanbe expressedsthefraction

executiontime
period

Computingthe 3-axisRNE (symbolicallysimplified) at 4 ms(usingtiming datafrom
Table2.25)resultsin a burdenof
780

= — 209
4000 20%

while the dual-rateapproacthastwo, relatively small,components

81 1500

- " — RO
2000 20000~ 07

totalling lessthan one third the burden of the straightforwardRNE. The dual-rate
approachalsosatisfieghe problemof unwantedcouplingof unmodellednanipulator
dynamics.

Thevelocity controller evaluatedatthe4 msperiod,usessimpleproportionalgain

Tq= MK (83— 8) +N+F(6) (8.54)

andfriction compensatiomsdescribedn the previoussection.M andN areupdated
ata40msinterval.

8.2.3 Implementation details

To implementhis controlstratgy underVxWorksandRTVL anumberof concurrent
communicatingasks shavnin Figure8.17,areused:

field is a high-priority taskthat sampleghe joint anglesinto the sharedvariable
j6 vis atthebeaginningof verticalblanking.It thenactvatesthecentroid
viskine anddynpar tasks.

viskine  is a 20ms periodictaskthat computeshe cameracoordinateframe °T
andtheinversemanipulatordacobiarJg from currentjoint angleg6 _vis .

centroid  isa20msperiodictaskthatprocessesegion data,estimatesargetrange
by (8.46),Cartesiarvelocity by (8.47)- (8.50),which arethenresoledto joint
ratedemandsindwrittento thd _d.

torque isad4msperiodictaskthatperformsthecomputed-torquaxisvelocity loop
calculationdor joints 1 to 3.
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Figure 8.17: Task structurefor translationcontrol. Arrows representataflow,
lighting boltsareevents ellipsesaretasksand'3D' boxesaredatastructures.

dynpar is a 40ms periodictaskthat updateghe rigid-body coeficientsM and N
basedon currentjoint anglesand velocity estimatedover the last threetime
stepsusinga 3-pointderivative.

camera is a 7ms periodictaskthatis responsibldor keepingthe cameras optical
axis normalto the motion plane. Motion of the lower threejoints changeghe
orientationof the camerawhich this taskcountersy appropriatevrist motion.
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Figure8.18: Cameraorientationgeometry The cameracanbe maintainechormal
to theworking surfacef 65 = — (62 + 63+ 11).

Function Period | Executiontime
us ps | % of CPU
torque 4000 | 1844 46
viskine 20,000| 3800 19
dynpar 40,000| 1500 4
centroid 20,000| 1300 7
Total 76

Table8.3: Summaryof taskexecutiontimes. Theseareaverageelapsedimesfor
executionof codesggmentsandno allowancehasbeenmadefor the effectsof task
preemptiorduringexecution.

Fromthe simplegeometrydepictedn Figure8.18it is clearthatcompensation
canbeachieved by motionof asinglewrist axis

O = —(92—1—93—1— T[) (8.55)

pendant is alow-priority continuougaskthatcommunicatesvith the robotteach
pendantusing the ARCL pendantcommunicatiorprimitives. Several modes
of operationcan be selectedby the teachpendantandinclude visual fixation
control,manualjoint velocity controlandmanualCartesiarvelocity control.

Executiontimes of the various modulesare summarizedn Table 8.3 in abso-
lute termsand as a fraction of total computingburden. The torquetask consumes
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the largestfraction, but a good deal of that time is takenup with communications
overhead:680ps to readthethreeencodersand510us to transmitthe motor current
demands Velocity estimation,computedorquecomputationfriction compensation
andcurrentclipping take only 220pus/axis Thesecomputationsaccountfor 76% of
the computationaresourceand additionalprocessings requiredfor datalogging,
userinterface,graphicsand networking. Clearly the processarin this casea single
33MHz 68030,is closeto its limit.

8.2.4 Resultsand discussion

Thetrackingperformancef thecontrollerfor the standardarget motionis shovn in
Figure8.19. Theerrormagnituden theY directionis similarto thatdisplayedby the
2-DOF panttilt controllerof Section7.5. The centroiderroris significantlygreatetin
the X directionthantheY directionandthisis believedto bedueto thepoordynamic
performancef the waistaxis. Performancef thataxisis limited by significantfric-
tion andtherelatively low velocity gainneededo ensurestability. Figure8.20shavs
the resultsof the sameexperimentbut with centripetalandCoriolis feedforwarddis-
abled. Clearly the Y-axis tracking performancds substantiallydegradedwith only
partialcompensationf manipulatorigid-body dynamiceffects. Disablingtargetve-
locity feedforwardresultsin very poor performanceandit is not possibleto keepthe
targetin the cameras field of view even at 20% of the velocity demonstratedhere.
The manipulatorjoint ratesshovn in Figure8.21 peakat approximatelyhalf the fun-
damentamaximumjoint ratesestablishedh Table2.21. At the peakvelocity thereis
sometendenyg towardoscillation,particularlyfor joints 1 and2.

Theloggedjoint angletrajectorydatawastransformedff-line by the manipula-
tor forwardkinematicgo determinghe cameras Cartesiartrajectorywhichis shavn
in Figure8.22. The cameras height, €z, is not constantandhasa peak-to-pealam-
plitude of approximatelyd0mm. This performances dueto the relatively low gain
proportionalcontrolstratgy (8.49)usedfor this DOF. The Cartesiarcameravelocity
is shavn in Figure 8.23 alongwith the online estimatedarget velocity. The veloc-
ity feedforwardsignalis a good estimateof the actualtamet velocity. The peaktip
speeds 350mm/s andthisis approximatelyonethird of themanufactures specified
maximum.Therobotappearedo be'working hard' andwith considerablgeamoise.

The Cartesiarpath of the camera,shavn in Figure 8.24,is only approximately
a circle andtwo factorscontribute to this distortion. Firstly, non-idealtrackingper
formancecauseghe camerato deviate from the path of the target. Secondly the
camerds not maintainedn anorientationnormalto the XY plane.The contribution
of thesetwo effects canbe understoody looking at the online target position esti-
mates. Theseare computedfrom target centroidand joint angledataand makeno
assumptionabouttrackingperformanceFigure8.25shavsthis estimatedargetpath
whichis clearlydistortedike the pathactuallyfollowedby thecameraSimilar plots,
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Figure8.19: Measureccentroiderror for translationalisual seno controlwith
estimatedametvelocity feedforward RMS pixel erroris 28 and7.3pixelsfor the
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Figure8.20: Measureccentroiderror for translationalisual seno controlwith
estimatedamget velocity feedforward but without centripetaland Coriolis feed-
forward. RMS pixel erroris 30 and22pixelsfor the X andY directionsrespec-

tively.
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Figure 8.21: Measuredoint rates(radl/s)for translationalisual seno control
with estimatedamget velocity feedforward.Velocity is estimatedff-line usinga
5-pointnumericalderivative of joint anglesmeasuredy RTVL.

but for significantlylower cameraspeedarealmostideal circles. At thejoint speeds
usedin this experimentthe wrist axes, undercontrol of the Unimatepositionloops,
areunableto accuratelytrackthewrist orientationdemand8.55). Fromtherecorded
datait appearshattheactual®s lagsthedemandoy approximately21msresultingin
peak-to-peakrientationerrorsof 0.043radlandthisis verifiedusingthe SIMULINK
modelof Figure2.26.In addition,dynamicforcesactingonthecameraesultin small
rotationsof joints4 and6. Theseseeminglysmallorientationerrors,coupledwith the
nominal500mmtargetdistanceresultin considerabléranslationakrrors.

It is interestingto contrastthe control structurejust describedwith someother
structuregdlescribedn the literature. Operationakpacecontrol, proposediy Khatib
[149], would appeato beanideal candidatdor suchanapplicationsincea cameras
anoperationalor task)spacesensorin factanexampleof visionbaseccontrolusing
theoperationakpacdormulationhasbeenrecentlydescribedy Woodfill etal. [284].
Operationalspacecontrol transformsthe robot and sensordatainto the operational
spacewheredeggreesof freedomcanbe selectedas positionor force controlledand
desiredmanipulatorend-pointforcesare computed. Finally theseforcesare trans-
formedto joint spaceandactuatethe manipulator As expressedn Khatib [149] the
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Figure 8.22: MeasuredcameraCartesiarposition (mm) for translationalisual
seno controlwith estimatedamget velocity feedforward. Cartesiarpathdatais
estimatedff-line from joint anglegmeasuredby RTVL) usingforwardmanipu-
lator kinematics.
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Figure 8.23: MeasuredcameraCartesiarnvelocity (solid) with estimatedarget
velocity feedforward(dashed).Cameravelocity is estimatedff-line usinga 5-
pointnumericalderivative of the Cartesiarpositiondataof Figure8.22.
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manipulatortorqueloopis closedat a rateof 200Hz whichis likely to be dictatedby

computationalimits. If a machinevision sensolis usedthenthetorqueloop would

be closedat a maximumof 60Hz (assumingRS170video)which hasbeenshavn to

betoolow to achiere high-performancéom the non-idealPumaaxes. Thestructure
proposedn this sectionis hierarchicaland more appropriatefor the caseof a low

sampleratesensosuchasa machinevision system.

8.3 Conclusion

This chapterhasextendedandbroughttogethemary of the principlesestablishedn

earlierchaptersdby meansof two examples: 1-DOF visual control of a major robot
axis,and3-DOF translationatameracontrol. The simple2-DOF control of the pre-
vious chaptereffectively decoupledhe dynamicsof eachaxis, with oneactuatomer
cameraDOF In the 3-DOFtranslationatasethereis considerabl&inematicanddy-

namic coupling betweenthe axes involved. To achiere high-performancearacking
a multi-rate hierarchicalcontrol systemwasdeveloped. Tamget velocity feedforward
was found to be essentiafor the accuratetrackingat high speedshavn in Section
8.2. Feedforwardf manipulatorigid-body dynamics thatis computed-torqueon-
trol, hasalso beenshownn to increasethe trackingaccurag. The end-pointcontrol
experimentof Section8.1 did not usevisual feedforward but in that casethe target
wasstationaryandthe manipulatomwasdecelerating.

The controller computationahardware which hassened well over a period of
mary years,is now atthelimit of its capability Workingin sucha situationis increas-
ingly difficult andunproductve andprecludegheinvestigationof moresophisticated
controlstructuresTheactof enablingdataloggingfor the experimentof Section8.2
now causes visible degradationin performancelueto increasedatenciesandviola-
tionsof designediming relationshipsThe experimentafacility hashowever demon-
stratedthatsophisticate@ontroltechniquesncorporatingmachinevision, rigid-body
dynamicsandfriction compensationanbeachiezed usingonly a single,modestpro-
cessar
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Figure 8.24: MeasuredtameraCartesiarpathin the XY plane. Cartesiarpath
dataasperFigure8.22.
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Chapter 9

Discussionand futur e dir ections

9.1 Discussion

This book haspresentedor thefirst time a detailedinvestigationof the mary facets
of a robotic visual serwing systemwith particularemphasion dynamiccharacter
istics and high-performancenotion control. The use of machinevision for high-
performancenotioncontrolis a significantchallengedueto theinnatecharacteristics
of thevisionsensomwhichincluderelatively low samplerate lateny andcoarsequan-
tization.

A distinction has beenestablishedbetweenvisual seno kinematicsand visual
seno dynamics Theformeris well addresseth theliteratureandis concernedvith
how the manipulatorshouldmove in responséo perceved visualfeatures.Thelatter
is concernedvith dynamiceffects dueto the manipulatorand machinevision sen-
sorwhich mustbe explicitly addresseth orderto achieve high-performanceontrol.
This problemis genericto all visually controlledmachineso matterwhatapproach
is takento featureextractionor solvingthevisualkinematicproblem.

Weissproposed robotcontrol schemehatentirely doesaway with axissensors
— dynamicsand kinematicsare controlledadaptiely basedon visual featuredata.
This concepthasa certainappeabut in practiceis overly complex to implementand
appearso lackrobustnessTheconcepthave only ever beendemonstrateth simula-
tion for up to 3-DOF andthenwith simplistic modelsof axisdynamicswhichignore
'realworld' effectssuchasCoulombfriction andstiction. However the usefulnes®f
sucha controlapproachs opento question.lt is likely thatrobotswill alwayshave
axis positionand/orvelocity sensorsincenot all motionwill be, or canbe, visually
guided. Ignoring thesesensorsaaddsgreatlyto the control compleity andhasbeen
shawn to leadto inferior control performance. Structuralresonancegnd the time
constant®f stick-slipfriction, ignoredby Weiss dictatea samplenterval of lessthan

297
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4ms,whichis not currentlyachievable with off-the-shelfvideo or imageprocessing
componentslf constrainedy thevision systento low samplerates high-bandwidth
axis level feedbackis requiredfor high-performancendrobustcontrol. Axis posi-

tion andvelocity informationarealsoessentiafor model-basedynamiccontroland

Jacobiarcomputation.

In orderto overcomeow visualsampleratessomeresearchersave proposedhe
useof trajectorygeneratorshatcontinuouslymodify their goalbasedn visualinput.
In this bookthe taskhasinsteadbeenconsideredsa 'steeringproblem’, controlling
the robot's velocity so asto guideit towardthe goal. Conceptuallythis leadsto a
visual position loop closedaroundaxis velocity loops. This structureis analogous
to the commonrobot control structure exceptthat positionis sensedlirectly in task
spaceatherthanjoint space.

Theterm'high performancehasbeenwidely usedin thisbookandwasdefinedat
the outsetasrobotmotionwhich approachesr exceedshe performancdimits stated
by the manufacturer The limits for the robot usedwere establishedn Chapter2.
Thereis alsoanimplied fidelity criterion which wasdefinedlaterin termsof pixel
errorfor trackingapplications.

The performancechie/ed is a consequencef the detailedunderstandin@f the
dynamicsof the systemto be controlled(the robot) andthe sensor(the cameraand
vision system). Despitethe long history of researchn theseareasindividually, and
combinedn visualserwing, it is apparenthatmuchof thedatarequiredfor modelling
is incompleteandspreadhrougha very diverseliterature.This book hasattemptedo
draw togetherthis disparaténformationandpresenit in a systemati@ndconsistent
manner

A numberof differentcontrol structureshave beendemonstratedh experiments
andsimulation. Feedback-onlgontrollerswere shavn to be capableof high perfor
mancebut werefoundto be rather'brittle’ with respecto actuatorsaturation.Their
designwas alsofound to be seriouslyconstrainedn orderto achieve compensator
stability which hasbeenshawvn to be important. Feedforwardncreaseghe design
degreesof freedomand a control stratgy basedon estimatedtarget velocity feed-
forward wasintroduced.With no a priori knowledgeof target motionthe controller
demonstratesufficient performancéo fixate on anobjectrotatingon a turntableor a
ping-pongball thrown in front of therobot.

Thekey conclusiongrom this work arethatin orderto achieze high-performance
visual serwing it is hecessaryo minimize open-looplateng, have an accuratedy-
namic modelof the systemandto employa feedforwardtype control stratgy. Pre-
diction canbeusedto overcomedateng but atthe expenseof reducechigh frequeng
disturbanceejection. Open-looplateny is reducedby choiceof a suitablecontrol
architecture An accuratedlynamicmodelis requiredfor controlsynthesisFeedback-
only controllershave a loop gainlimit dueto the significantdelayin pixel transport
andprocessingSimplefeedbaclkcontrollershave significantphasdag characteristics
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which leadto poortracking. More sophisticatedeedbackcontrollerscan overcome
this but the solution spacebecomesrery constrainecandthe controllersare not ro-
bustwith respecto plantparametewariation. Feedforwardontrolresultsin arobust
controllerwith excellenttrackingcapability

9.2 Visual sewvoing: somequestions(and answers)

This sectionposesa numberof pertinentquestionghatwereposedatthe outsetof the
original PhDresearctprogram.They areworthrepeatinghere,alongwith answersn
termsof materialcoveredin this book, sincethey provide a succinctencapsulatioof
themajorconclusionf thisresearch.

1. Canmadinevisionbeusedto control robotmanipulatordor dynamicallychal-
lenging tasks, by providing end-pointrelative sensing? Machine vision and
end-pointsensingcanbe usedfor dynamicallychallengingasksif the general
principlessummarizedbove areobsered. Thelimits to visualseno dynamic
performancehave beeninvestigatedand suitablecontrol structureshave been
exploredby analysissimulationandexperiment.Commonlyusedperformance
measuresuchasstepresponséiave beenshovn to beinadequatdor the gen-
eraltargettrackingproblem.Alternative measured)asednimageplaneerror,
have beenproposedo enablemoremeaningfulcomparisorof results.

2. Whatare thelimiting factorsin imageacquisitionandprocessing?Thesdssues
wereaddressegrincipally in Chapter3. Imagefeatureextraction, by special-
izedhardwareor evensoftware is now easilycapableof 50 or 60Hz operation,
andthe fundamentalimit to visualseno performanceas now the sensofframe
rate. It hasbeenshawn that the requirementdor ideal visual samplingand
reducingmotionblur requireshortexposuretimes,and consequentlgonsider
ablesceneillumination, which may be a problemin someapplicationsdueto
the heatgenerated.At higherframerates,andin orderto maintainthe ideal
samplerapproximationgven shorterexposuretimeswould berequired neces-
sitating increasedllumination or more sensitve sensors.A camera-mounted
pulsed-LEDIighting systemhasbeendemonstratedhat provides light when
andwhererequired.

More robust scenenterpretationis definitely requiredif visually senoed sys-
temsare to move out of environmentslined with black velvet. Optical flow
basedapproacheshav promise,and have beendemonstrateét 60Hz with
specializecrocessindnardware.

Maintainingadequatdocusis often consideredmportantfor visual sernoing
andis difficult to achiese givenvariationin relative target distance. The lens
systenmaybeconfiguredor largedepthof field but thisfurtherexacerbatethe
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lighting problemsjust mentioned.The upperboundon imageclarity hasbeen
shavn to bedeterminedy effectssuchaslensaberratiorandto alesserextent

pixel re-sampling.It hasalsobeenshavn that binary imageprocessingn the

presencef edgegradientgesultsin featurewidth estimateshatarefunctions
of thresholdandoverall illumination, but thatcentroidestimatesareunbiased.
Forimageprocessingpproachebasedn edgeor texture,for instanceoptical

flow or interestoperatorsimageclarity would beimportant.

. How cantheinformationprovidedby madine visionbe usedto determinehe

poseof objectswith respectto the robot? This is what has beentermedin
this book the kinematicsof visual control and a numberof techniqueswvere
reviewedin Chapterd. This problemis solvedfor all practicalpurposesand
the computationatostsof the variousproposedapproachesmagebasedand
positionbasedarecomparable@ndreadilyachiezed. Controlof a 6-DOFrobot
wasdemonstratetly Ganapathy98] adecadegousingaclosed-fornmsolution
thatexecutedn only 4mson a68000processaorAn iterative approachaseven
beenpatented289].

Theimage-basetechniquehasbeendemonstratetb work well, but the adwan-
tagesseemillusory, andthe problemof imagefeatureJacobiarnupdatein the
generalcaseremains,althoughadaptatiorand generallearningschemesave
beendemonstrated.The 3-D sceneinterpretationproblemcan be easedsig-
nificantly by using3-D sensors.Sensordasedon structuredighting arenow
compactandfastenoughto usefor visualseroing.

. Canrobottasksbe specifiedn termsof whatis seen?For a large numberof

robotic tasksthe answeris clearly 'yes' but this book hasprovided only par

tial answerdo the question. A numberof papersreviewedin Chapterd have

discussedhow taskscanbedescribedn termsof imagefeaturesanddesiredra-

jectoriesof thosefeaturesut mostof the systemslescribedaresinglepurpose.
Thereappearso have beenlittle work onlanguage$or generakpecificatiorof

visually senoedtasks. In a semi-automatedituationsuchastime delaytele-
operationan operatormay be ableto selectimagefeaturesand indicatetheir

desiredconfigurationand have the executionperformedunderremoteclosed-
loop visualcontrol. Therearesomereportson this topic[198].

. Whateffectsdo robotelecto-meanicalandmadinevisiondynamicshaveon

closed-loopdynamicperformance?The vision systemwasmodelledin detail

in Section6.4whereit wasshavn thatthe dominantcharacteristicsveredelay
dueto pixel transportandgaindueto lensperspecitie. The effective delaywas
shavn to dependon the cameraexposureperiod,andfor somevisualseroing

configurationghe gainwasshavn to dependon tarmget distance.Both charac-
teristicscanhave significanteffect on closed-loopsystemstability.
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In Section6.4 the electro-mechanicalynamicscould be representedy a unit
delaydueto the actionof a positioncontrolloop. Whenthe axes are veloc-
ity controlledthe dynamicsarefirst-orderandthe effective viscousdampingis
stronglydependentn motionamplitudedueto the effect of Coulombfriction.
For visual seno control of a major axis, asdescribedn Chapter8, additional
dynamiceffectssuchasstructurakesonancandsignificantstictionareencoun-
tered.

Structuraldynamicswere discussedn Section8.1.4 and areimportantwhen
themanipulatomassignificantstructuralor transmissiortomplianceandhigh
endpointacceleratiornis required.Visualsernoing, by providing directendpoint
positionfeedbackcanbe usedto controlendpointoscillation,Section8.1. This
mayonedaybe a viablealternatve to the commonapproacthof increasindink

stiffnesswhichthennecessitateBighertorqueactuators.

6. Whatcontol architectuie is bestsuitedfor sud an application?Many aspects
of the control architectureemployedin this work are very well suitedto this
tasksinceit providesthe prerequisite&dentifiedin Section6.1,in particular:

e ahigh-frame-ratdow-lateng vision systemwhich reducedateng to the
minimum possibleby overlappingpixel transportwith region extraction;

¢ a high bandwidthcommunicationgath betweenthe vision systemand
robotcontrollerachieved by a sharedbackplane.

The control architecturehasevolved as shortcomingsvere identified, andan
obvious weaknessn the early work was addedlateny dueto seno setpoint
double handlingand the multi-rate control structure. In later work this was
eliminatedby implementingcustomaxis velocity loopswhich werealsocapa-
ble of higherspeed. The greatestottleneckin the architecturedescribedn
this bookis now thecommunicationdink to the Unimatesenos andthe digital
seno boardghemseles,particularlywhenimplementinghigh samplerateaxis
control. A moreappropriatarchitecturanayinvolve directmotorcontrol by a
dedicatednotorcontrolcard,perhapsanothe’VMEbusprocessqranddispens-
ing with the Unimatedigital seno board.A differentrobotmayalsoeliminate
someof thesedifficulties.

The control problemhasconsiderablénherentparallelism:axis control, visual
featureprocessingandapplicationprogramexecution. It seemdikely thatthe
controltaskcanbe partitionedinto a numberof cooperatingparallelprocesses
eachof which have relatively modestcomputationabnd communicationse-
guirements.Theseprocessesould also be geographicallydistributedinto the
motorsandcamerasyltimatelyleadingto animplementatiorcomprisinga net-
work of communicatingsmart'entities. This offerslittle advantagefor a small
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machinesuchasa Puma,but hassignificantbenefitsfor control of large ma-
chinesin applicationssuchas,for example,mining.

9.3 Futurework

Therearemary interestingopicsrelatedto visualsernoing thatremainto beinvesti-
gated.Theseinclude:

1. The Pumarobot haslimited the control performancen this work, primarily
becausef friction. It would be interestingto investigatehe performancehat
couldbeachiered usinga directdrive robotor someof theroboticheadandeye
devicesthathave beenrecentlyreported157].

2. Thisbookhasalludedto thelimiting natureof camerashatconformto common
videostandardsTheimagefeatureextractionhardwaraisedn thiswork [25] is
capableof processingover 20Mpixels/s In conjunctionwith lower resolution
images,say 256 x 256 pixels, this would allow at least300frameg's giving a
visualNyquistfrequeng of 150Hz. Camerasvith suchcapabilitydo exist, for
instancerom Dalsain Canadabut they areextremelybulky andweigh almost
1kg. However the marketfor 'digital camerasis expandingandthe nascent
standardsuchasthat proposedy AIA will expandthe rangeof camerasand
videoformats.A moredifficult pathwould beto developacamergrom aCCD
sensorchip.

Suchhighvisualsamplerateswvouldallow for visualcontrolof structuramodes
and would then provide a viable approachto high-quality endpointcontrol.
Suchratesmay alsoallow axis-level velocity feedbackio be dispensedvith,
but suchfeedbacks relatively inexpensve in termsof hardwarerequirements
andhasbeenshowvn to provide significantadvantage.

3. Theissueof languagesnd operatorinterfacesfor visual descriptionof tasks
hasnot receved muchattentionin the literatureandwould seemto offer con-
siderablescopefor investigation.Potentiallyan operatorcould describea task
by indicatingvisualfeatureson a screen.Therobotsystemwould thenbring a
tool to theindicatedocationandperformthetask.

4. Clearlymorerobustscendnterpretations requiredif the systemsareto move
outof ervironmentslined with blackvelvet. Therehasbeensomerecentwork
basedn greyscalefeaturetrackingandopticalflow atsampleratesin therange
2510 60Hz. In mary caseghe lateng, dueto pipelining, is several sample
intervals which is poor from a control point of view. Researchnto low-cost
dedicatedhrchitecturesvith high samplerateandlow lateny is neededo ad-
dressthisissue.
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Appendix A

Glossary

ADC
affine

AGC
AIA
ALU
APA

ARC

ARCL

ARX
ARMAX
CCD
CCIR

CID

CIE
CMAC
conformal

COG
CPU

analogto digital corverter

An affinetransformatioris similarto aconformaltransformation
exceptthatscalingcanbe differentfor eachaxis— shapds not
presered,but parallellinesremainparallel.
automatiagaincontrol

AutomatedmagingAssociation.

Arithmeticlogic unit, onecomponenbf a CPU

Area ParameterAccelerator an imagefeatureextractionboard
manufacturedy Atlantek Microsystems Adelaide, Australia.
SeeAppendixC.

AustralianResearchCouncil, a nationalageng that fundsre-
searclprojects

AdvancedRobotControlLibrary, anRCCL like packagdor on-
line controlandoffline simulationof robotprogramg64].
autorgressve with exogenousnputs

autorgressve moving averagewith exogenousnputs
Chagecoupleddevice

InternationalRadio Consultatve Committee,a standardody
of theUN

Chageinjectiondevice

Commissiorinternationalede I'Eclairage
Cerebellamodelarithmeticcompute(5]

A conformaltransformationis one which preseres shape—
translationyotationandscalingareall conformal.

Centerof gravity

Centralprocessinginit
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Glossary

CRT
CSIRO

CTF

DAC
DH
DIGIMAX

DOF
EMF
FFT

fovea
FPGA
IBVS
LED
LQG

LTI
MAPLE
MATLAB

MAXBUS
MAXWARE

MDH
MIMO
MMF

MRAC
MTF
NE
NFS

NMOS
PBVS
PD

Pl

PID

principal point

Cathoderaytube.
CommonwealtiScientificandindustrialResearci®rganization,
the Australiannationalresearclorganization.
Contrasttransferfunction. Similar to MTF but measuredvith
squarewave ratherthansinewave excitation.

digital to analogcorverter

Denait-Hartenbeg

A videodigitizerboardmanufacturedy Datacubdnc., Darvers
MA, USA.

Degreesof freedom

electro-motve force,measuredh Volts

Fast Fourier transform,an efficient algorithmfor computinga
discreteFouriertransform

thehigh resolutionregion of theeye's retina.
field-programmablgatearray

Imagebasedvisualserwing

light emittingdiode

linearquadraticGaussian

lineartime invariant

asymbolicalgebrapackagdrom University of Waterloo[47].
An interactve packagdor numericalanalysismatrix manipula-
tion anddataplotting from 'The MathWborks' [181].

adigital videointerconnecstandardrom Datacubdnc.

'C' languagdibrariesfrom Datacubénc. for thecontrolof their
imageprocessingnodules

Modified Denavit-Hartenbeg

multiple-inputmultiple-output
magneto-motieforce,measured Ampereturns.Analogougo
voltagein a magneticcircuit.

modelreferenceadaptve control

Modulationtransferfunction

Newton-Euler

NetworkFile Systema protocolthatallowscomputerdo access
disksonremotecomputersria a network.

N-type metaloxide semiconductor
Positionbasedvisualsenoing

proportionalandderivative

proportionalandintegral

proportionaiintegral andderivative

Principalpoint, the point wherethe cameras optical axis inter-
sectgheimageplane.
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Puma A type of robotoriginally manufacturedy Unimationinc, and
subsequentllicencedto Kawasaki.Probablythe mostcommon
laboratoryrobotin theworld.

RCCL RobotControl C Library, a softwarepackagedevelopedat Pur
dueandMcGill Universitiesfor robotcontrol.

RMS Rootmeansquare.

RNE Recursie Newton-Euler

RPC a mechanisnby which a computercanexecutea procedureon
a remotecomputer The argumentsare passedand the result
returnedvia anetwork.

RS170 RecommendedtandardL70,the videoformatusedin the USA
andJapan.

RTVL Real-timevision library. A softwarepackageo facilitateexper
imentationin real-timevision, seeAppendixD.

saccade a rapid movementof the eye asit jumpsfrom fixation on one
pointto another

SHAPE a 3D shapemeasuremerdystemdevelopedat MonashUniver
sity, Melbourne.

SIMULINK A block-diagramediting and non-linearsimulationadd on for
MATLAB.

SISO single-inputsingle-output.

SNR Signalto noiseratio, generallyexpressedn dB. SNR= x2/0?

Unimate Genericnamefor robotsand controllersmanufacturedy Uni-
mationinc.

VAL theprogrammindanguageprovidedwith Unimaterobots.

VLSI Very large scaleintegrated(circuit)

VxWorks areal-timemulti-taskingoperatingsystemfrom WindRiver Sys-

ZOH

tems[281].
zero-ordemhold.
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Appendix B

This book on the Web

Detailson sourcematerialfrom this book canbe obtainedvia the book’'shomepageat
http://www.cat.csiro.au/dmt/programs/aut om/pic/boo  k.htm .Ma-
terial availableincludes:

o Citedtechnicalpapersy theauthor

¢ RoboticsToolboxfor MATLAB

e MAPLE codefor symbolicmanipulationof robotequation®f motion
e SIMULINK modelsfor robotandvisualseno systems

¢ Links to othervisualseno resourcesvailableon the World Wide Web
¢ Orderingdetailsfor theaccompaying videotape.

e Visualsenoing bibliography

e Errata
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Appendix C

APA-512

The APA-512[261] is aVMEbus boardsetlesignedo acceleratéhe computatiorof
areaparametersf objectsin ascenelt wasconcevedandprototypedby the CSIRO
Division of ManufacturinglechnologyMelbourne Australia,in 1982-4[272] andis
now manufacturedy Atlantek Microsystemd_td. of Adelaide,Australia. The APA
performsvery effective datareduction,reducinga 10Mpixel/s streamof grey-scale
videodatainput via MAXBUS, to a streamof featurevectorsrepresentingbjectsin
thesceneavailablevia onboardsharednemory

The APA, seeFigureC.1,acceptssideoinput from a MAXBUS connectorbina-
rizesit, andpassest via a frameluffer to the connectity logic. The frame buffer
allowsimagesto be loadedvia the VMEbus, andalsoactsasa pixel buffer to match
the processingateto the incoming pixel rate. Pixels arrive at 10Mpixel/s during

MAXBUS

input connectivity logic }—" —
f ‘ l region
parameter
Y Y ALUs memory
(dual
5 blob ported)
threshold frame T g% hiearchy T—
buffer 3 s
Sc
T o
[ R

internal bus

VME interface
VME bus

FigureC.1: APA-512block diagram.
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64us

Ooms—+

Processing window

40ms—

TT—=___= interrupt to host CPU

FigureC.2: APA region datatiming, shaving region completioninterruptsfor a
non-interlacedrame. The hostis notified of completedregions onerasterscan
line afterthelastpixel of theregion.

eachvideo line but the peakprocessingateis over 20Mpixel/s The connectiity
logic examineseachpixel andits neighboursandcommandsa bankof ALUs to up-
datethe primitive region featureswhich arekeptin sharedmemory The ALUs are
implementedby customgatearrays. Eachregion is assigneda uniqueinteger label
in therangeO to 254, andwhich alsosenesasthe addresf the region's primitive
featuredatain the sharedmemory The connectity analysisis single-passof the
type describedby Haralick assimple-linkageegion growing [106]. For eachregion
thefollowing parameterarecomputedy the APA:

¢ i, numberof pixels(zerothmoment);
>x, 2y (first moments);
Yx2, Ty?, Txy (secondmoments);
minimumandmaximumx andy valuesfor theregion;
perimetedength;
aperimetepoint;
region color (0 or 1);
window edgecontact.
FigureC.2shavs whenregion completioninterruptsaregeneratedvith respecto
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theimagewhichis inputin rasterscanfashion.Oneline time afterthelastpixel of the
region its completioncanbe detectecandthe hostcomputemotified by interruptor
pollablestatusflag andthatregion's labelis placedin a queue.The hostwould reada
labelfrom the queueandthenreadtheregion's primitive featuredatafrom the APA's
sharednemory Informationaboutregionsis thusavailablewell beforetheendof the
field or framecontainingtheregion.

From the fundamentaparametersa numberof commonlyusedimagefeatures
discussedn Sectior4.1suchas:
area
centroidlocation
circularity
majorandminor equivalentellipseaxislengths

e objectorientation(anglebetweermajoraxisandhorizontal)
may be computedby the hostprocessar Theserepresent substantiabubsef the
so-calledSRI parameterstefinedby GleasorandAgin at SRIin thelate 70's.

The perimetempointis thecoordinateof onepixel on theregion's perimeterandis
usedfor thosesubsequertiperationghatrequiretraversalof the perimeter Theedge
contactflag, when set, indicatesthat the region touchesthe edgeof the processing
window andmay be partially out of theimage,in this casethe parametersvould not
representhecompleteobject.

Perimeteris computedby a schemethat examinesa 3x3 window aroundeach
perimeterpoint asshavn in Figure C.3. The lookup table producesan appropriate
perimetedengthcontribution dependingiponthe slopeof the perimeterat that point.
Experimentgeveal aworstcaseperimetererrorof 2% with this scheme.

The APA-512 computegheseparameterdor eachof up to 255 current regions
within the scene Processin@f the datais donein rasterscanfashion,andasthe end
of aregionis detectedheregion labelis placedin a queueandthe hostis notified by
aninterruptor apollablestatuslag. Thehostmayreadtheregion parameterandthen
returntheregionlabelto the APA for reusdaterin theframe,thusallowing processing
of morethan 255 objectswithin oneframe. This featureis essentiafor processing
non-trivial scenesvhich cancontainseveralhundredregionsof which only afew are
of interest.Maximumprocessindime is onevideoframetime.

An additionalfeatureof the APA is its ability to returnregion hierarchyinforma-
tion asshown in Figure C.4. Whena region is completethe APA may be polledto
recover the labelsof alreadycompletedregions which weretopologically contained
within that region. This makesit possibleto countthe numberof holeswithin an
object,andcomputethe areaof enclosecholesor internalperimeter

The APA wasdesignedo processon-interlacedsideo, but canbe coercednto
working with interlacedvideo thus eliminatingthe deinterlacingprocess.The APA
processeshe interlacedvideo as one large frame, seeFigure C.5. The actie pro-
cessingwindow is setto the upperpositionbeforethe even field commences.This
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LOOK UP TABLE

|

PERIMETER SUM ALU

FigureC.3: Perimetercontritution lookup scheme.

window stopsprocessindpeforethe blankinginterval duringwhichtime the APA will
continueloadingthe video signalwhich will comprisethe equalizatiorandserration
pulses.Prior to the oddfield commencingthe processingvindow is setto the lower
position. The biggestdrawvbackwith this approachs thatthe bottomprocessingvin-
dow comprise®nly 511— 313= 198linesratherthanthe 287 active linesof avideo
field. Thisis dueto the APA unnecessarilyjoadinglines during the vertical blank-
ing interval andalsothe CCIR videoformathaving 574 actie lines. Normally when
workingwith 512 x 512imageshelower 31 linesof eachfield arelost.

The APA-512 s controlledby thehostcomputerusinga'C' languagédibrary that
is compatiblewith Datacubes MAXWARE 3.1[74]. To achieze maximumperfor
mancewith a Sunworkstationhosta Unix device driver was written to efficiently
move datafrom the APA to the applicationprograms memoryspace.For operation
underVxWorkstheinterfacelibrary wassimply cross-compile@ndthedevice driver
replacedby a simplestructurein which APA interrupthandlersraisesemaphoreto
unblocktaskswhich servicethe APA.
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FigureC.4: Hierarchyof binaryregions.
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FigureC.5: Fieldmodeoperation.Stippledregion shovstheprogres®f theraster

scan.Dashedboxis theactive APA processingvindow.
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Appendix D

RTVL: asoftware systemfor
robot visual servoing

Thisappendidiscusseasoftwaresystendevelopedwithin theDivision'sMelbourne
Laboratoryto facilitateresearchnto video-rateroboticvisual serwing. Early experi-
mentalwork in visualsenoing shavedthatquite simpleapplicationgapidly became
bloatedwith detailedcode dealingwith the requirementof vision and robot con-
trol, graphicaldisplay diagnosticsdataloggingandsoon [57]. Considerablavork
hasgoneinto the designof the softwaresystemknown asRTVL for real-timevision
library. RTVL providesextensie functionsto theusers applicationprogramencom-
passingvisual-featurextraction,data-loggingremotevariablesetting,andgraphical
display

RTVL providesvisual-sere specificextensionsto VxWorks andis loadedinto
memoryat systemboottime to providesall theinfrastructurerequiredfor visualser
voing. Visualseno applicationgprogramsareloadedsubsequentlgndaccesRTVL
via awell-definedfunctioncall interface.Internallyit comprisesa numberof concur
renttasksandsharedlatastructuresEachRTVL modulehasits owninitializationand
cleanupprocedureaswell asoneor moreproceduresaccessibldrom the VxWorks
shell, to shav operatingstatisticsor enabledeluggingoutput. The whole systemis
highly parameterizedndthe parametersreparsedrom atext file at startup.All pa-
rametersareglobalvariablesandthusmaybeinspectedr alteredfrom the VxWorks
shell allowing mary operatingcharacteristicto be changedonline. A schematiof
the systemshawving both hardwareandsoftwarecomponentsis givenin FigureD.1.
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%\
Application / %

MATLAB data
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Utility module
binarize i
=1 digitizer and —>1 APA-512 _._E
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H H registery )
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eeees status

FigureD.1: Schematiof theexperimentakystem

D.1 Image processingcontrol

The image processingpipeline shavn in Figure D.1 requiressoftwareintervention

duringeachvideoblankingtimeto controlvideodatapathgndsetthe APA processing
window to allow field rateprocessingisdiscussedh AppendixC. Thefield taskis

activatedatthe startof videoblankingandinvokesfunctionsthathave beenpreviously

registeredfor callback. A numberof permanentallbacksare usedby RTVL itself

and othersmay be registeredby userapplicationprograms. The blanking interval

is relatively narraw, lastingonly 1.6ms, sothis taskrunsat high priority in orderto

accomplistall its taskswithin theblankinginterval. Datacubes MAXWARE software
librariesare used,with a customwritten low level moduleto allow operationunder
VxWorks.

D.2 Imagefeatures

The featureextractionprocesss simplisticandreportsthe first (in rasterorder)n re-
gionswhich meetthe applicationprograms acceptanceriteria. Theseareexpressed
in termsof abooleanscreeningunctionappliedto all extractedregionsin the scene.
Typically screenings on the basisof objectcolor (black or white), upperandlower
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VMEbus
32 32
MAXbus Hsync (15kHz) .
‘linetime’ latch
counter
32
32
VMEbus
interrupt
overflow
divisor
MAXbus pixel clock (10MHz) L
32-hit presettable
downcounter

FigureD.2: Block diagramof video-lockediming hardware.

boundonareaandperhapgircularity (4.11). Functionsxist to computeusefulmea-
suressuchascentroid circularityandcentralmomentsrom thereturnedegion datas-
tructures.An applicationobtainsregion datastructuredy meansof the regGet()
function.

D.3 Time stampsand synchronizedinterrupts

Timestampingeventsis essentiain understandinghe temporalbehaior of a com-
plex multi-taskingsensotbasedsystem. It is also desirablethat the mechanismhas
low overheadso asnot to impacton systemperformance To meetthis needa novel
timing board hasbeendevelopedthat provides, via one 32-bit register a count of
videolines sincemidnight, seeFigureD.2. Eachvideo line lasts64pus andthis pro-
videsadequatéiming resolution but moreimportantlysincethecountis derivedfrom
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Task \ graghics
render
[ task
/ pipe
Task
SunView pixrect
libraries
Framestore

512 x 512

1 70 g

camera

monitor

FigureD.3: Graphicgrenderingsubsystem.

MAXBUS horizontalsynchronizatiorsignalsit givesa time valuewhich canbe di-

rectly relatedto the video waveform. Thetime value canbe readily corvertedinto

framenumber field number field type (odd or even) andline numberwithin thefield

or frame, aswell asinto corventionalunits suchastime of day in hours, minutes
andsecondsA comprehensi groupof macrosandfunctionsis providedto perform
theseconversions.For detuggingandperformancenalysisthis allows the timing of

eventswith respecto thevideowaveformto bepreciselydetermined.

In addition, for custommanipulatoraxis control strateies, a sourceof periodic
interruptswith a periodin therangel to 5msis required.To avoid beatingproblems
with the lower ratevisual controlloopsit is desirablethatthe serno loopsoperateat
a sub-multipleof thevision field time. A programmabl@&own counteron thetiming
boarddividestheMAXBUS pixel clockby a32bit divisorto createsuitablenterrupts.
Divisorvaluesarecomputedby

n= 9625000« T

whereT is the desiredperiodin units of secondsThe 2 and4msperiodseno loops
usedin Chapter areclockedin this manner
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FigureD.4: Variablewatchfacility.

D.4 Real-timegraphics

The systemusesa frameluffer to hold graphicaldatawhich is overlaid on the live
imagefrom the camera Almostall informationaboutthe systemcanbelearnedfrom
this display Sincemary tasksneedto display graphicalinformation quickly and
cannotafford to wait all requestarequeuedseeFigureD.3. Thegraphicalrequests
gueueis servicedby a low-priority taskwhich renderghe graphicalentitiesinto the
frameluffer usingthe Sun\Mew pixrectlibrarieswhich hasbeenfooled' into treating
the ROISTORE asa memoryresidentpixrect. Functionsare provided which allow
an applicationto write stringsto the graphicdisplayandupdatea variety of tracking
Cursors.

D.5 Variable watch

The'watch' packageallows anumberof specifiedvariablego bemonitoredandtheir
valuedisplayednthereal-timegraphicgdisplayasshovn in FigureD.4. Thevariable
valuesareupdatednthe screerat 5Hz, andmaybe usedto monitorvariousinternal
programvariablesasshavn in Figure6.8.
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D.6 Parameters

Most partsof the RTVL kernelare controlledby parameterstatherthancompiled-
in constants.Parametercanbeinteger, float or string variables,or be attachedo a
functionwhichis invokedwhenthe parameters changed Whilst parameterganbe
setmanuallyvia the VxWorks shell, the preferredmechanisnis via the interactve
control facility describechext. Parametersareinitialized from a parametefile read
whenthekernelstartsup. As eachparameters initialized from thefile, it is registered
with theparametemanagemwhichis aremoteprocedureall (RPC)sener taskwhich
canmodify or returnthe valueof ary parameterseeFigureD.5. Userapplications
canalsousethe parametefacilities, by explicitly registeringthetypeandlocationof
applicationprogramparameters.

D.7 Interacti ve control facility

Variousoperatingparametersf the RTVL kernelsuchasthresholdmaybe changed
by simply maving a slideron thecontrolpanel. A popupwindow lists all parameters
registeredunderRTVL, anddouble-clickingbringsup a slider, or value entry box,
for thatparameterThe XView programis anRPCclientto the parametesener task
runningunderVxWorksto examineandmodify the parameter

Corvenientcontrol of applicationds facilitatedby a mechanisnthatallows pro-
gramvariablesto beregisteredwith aremoteprocedurecall (RPC)sener. Theclient
is aninteractie controltool runningunderOpenWndows on anattachedvorkstation
computer A list of variablesregisteredunderthereal-timesystemcanbe poppedup,
andfor userselectedsariablesa valueslideris createdwhich allows that variableto
be adjusted Variablescanbebooleanjnteger, floatingpoint scalaror vector

The namedparameterganbe cornveniently examinedand modifiedby theinter-
active controltool, an XView applicationrunningunderOpenWndows.

A remotecursorfacility hasalso beenimplementedwherebya cursoron the
RTVL displayis slaved to the mouseon the OpenWhdows workstation. An appli-
cationprogramcanwait for a'pick’ event

superGetPick(&coord);

Unsolicitedpicks aregrabbedyy theregion processingubsystemvhichwill display
thefeaturevectorfor theregion underthe cursor

D.8 Dataloggingand debugging

The VxWorks shell allows ary global programvariableto be examinedor modified
interactvely. Howeverit hasbeerfoundconvenientto build facilitiesto'log' variables
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PARAMETERS:

amolify

POIspShow . e
pOverlayShow
pSeqThresh......
pAPAWIndowxmin
PAPAWINdowXmaz ...
PAPAWIndow/min
PAPAW Indow'Ymax

] Pgain
¥
Value: esm————————————— 370802
1 1 [ [ [

Nl D)

gain

pSerdE dgeTouchRe]
pseedPolarity .. ...
pSeedPolarityCheck .. .
pSeedreaMin.. ..
pSeadareaMax

value: I—D?. 149-03 EEX -2, [a%)

[Pgain.

@ pSeedEdgeTouc

[Daain.

value: TRUE

'Pgain” DOUBLE
"Enable” BOOL -+
'Thresh” INT
parameter
registry
FigureD.

RPC
server

N\t

double Pgain;

paramRegjister("Pgain”,
PARAM_TYPE, PARAM_REAL,
PARAM_ADDR, &Pgain,
NULL);

5: On-line parametemanipulation.

of interestonto the main color display andalsoto recordtime historiesof variables
for datalogging purposes.

The'watch' facility continuouslydisplaysthe valuesof a nominatedist of vari-
ablesin thegraphicglanewhichis superimposednthelivecameramage seeFigure

6.8.

The RTVL kernelprovidesbuilt-in facilities to log multiple variablesduring an
experiment.Thisis essentiain trying to delug anapplication,or monitorthe closed-
loop control systemperformance Tracedvariablesaretimestampedindplacedinto
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a large circular buffer using a low-overheadmacro package. The trace buffer can
be dumpedto disk, andoff-line tools canbe usedto extract the time historiesof the
variablesof interest.Thesetime recordscanbe analyzedy a numberof toolssuchas
MATLAB [181]for analysisandplotting.

D.9 Robotcontrol

Robotcontrolfunctionsarelayeredontop of the ARCL packagentroducedn Section
6.2.3. RTVL canuseARCL facilities to implementa 6-DOF Cartesiarvelocity con-
troller. This approachis usefulfor quick applicationdevelopment,but the problems
discussedh thebodyof thebooksuchasincreasedateny from datadoublehandling
andthelimitationsof purelyfeedbaclkcontrolwill apply. For higherperformancet is
necessaryor the programmeto implementcustomaxis controlloops.

D.10 Application program facilities

MATLAB is usedasa tool for both controllerdesignand dataanalysis. The RTVL

kernelincludeslibrary routinesfor readingMATLAB' s binary MAT-files, as well

asfor performingmatrix arithmetic. This allows straightforwardmplementatiorof

state-feedbac&ontrollersandstate-estimatordesignedisingMATLAB. Onthecur

rentsystem a 4-stateestimatorandstate-feedbackontrol canbe executedin around
50Qus

D.11 An example— planar positioning

Serwing in a planeorthogonalto the cameraview axis hasbeendemonstratetby a

numberof authorswith varyinglevelsof performanceThe mostappropriatdeatures

to usearethe objectcentroid(xc, yc), computedsimply from the 1stordermoments;
Mo . _ Mo

Xe=—, —
Moo Ye Moo

The essencef the applicationprogramis:

1 planar()

2 |

3 Region r;

4 double  xc, yc, xgain, ygain, cartRates[6];

5 int nfeat;

6

7 paramRegister("xgain”, &xgain, PARAM_TYPE, PARAM_REAL, 0);
8 paramRegister("ygain”, &ygain, PARAM_TYPE, PARAM_REAL, 0);
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9 watchStart("X=%f", &%, "Y=%f", &y, NULL);

10 regFilterFunc(filterfn); /* specify region screening funcn */
11 robotOpen();

12 for () | /* loop forever */

13 nfeat = regGet(&r, 1, filterfn); /* get a feature */
14

15 xc = XC(r); /* find the centroid */

16 yc = YC(r);

17

18 /* compute the desired cartesian velocity */

19 cartRates[X] = XCc * xgain;

20 cartRates[Y] = yc * ygain;

21

22 /* set the robot velocity */

23 robotSetRates(cartRates);

24 }

24 '}

Lines 7-8 registerthe two controlgainswith the parametemanageto allow set-
ting by theremoteinteractize controltool. Line 9 causeghe centroidcoordinatesn
pixelsto be monitoredon thereal-timedisplay Line 12 requests singlefeaturethat
is acceptedy thelow-level region screenindunctionfilterfn (notshaown here).
Next the centroidis computedfrom simple momentfeatureswithin the Region
datatype the control gain is computed,and thenthe X andY Cartesianvelocities
of therobotareset.

D.12 Conclusion

A powerful experimentalfacility for researchnto roboticvisual closed-loopcontrol
hasbeendescribed.Pipelinedimageprocessinghardwareand a high-speedegion-
analysisboardsetireusedto extractvisualfeaturesat 50Hz. The RTVL kerneltakes
adwantageof thereal-timemulti-taskingervironmentto providefacilities for real-time
graphicsstatudisplay diagnostidracing,interactive controlvia aremoteOpenWhn-
dows controltool, and MATLAB dataimport. An importantdesignaim wasto de-
couplethe actualapplicationfrom the considerablenfrastructurefor visual-feature
extractionandrobotcontrol.
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Appendix E

LED strobe

FigureE.1: Photograplof cameramountedsolid-statestrobe.
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FigureE.2: Derivationof LED timing from vertical synchronizatiorpulses.

Thehigh-paverLED illumination systembuilt in the courseof thiswork is shovn in
FigureE.1. TenLEDs arearrangedn a circle aroundthe lensproviding coaxialillu-
minationof therobot's areaof interest.FigureE.2 shavs how the LED timing pulses
arederived from vertical synchronizatiorpulsesoutputby the systems DIGIMAX
videodigitizer. Thefirst delay t;, positionsthe pulsewith respecto thevertical syn-
chronizationpulseandis usedto align the LED pulsewith the shutteropening. The
seconddelay tp, governsthelengthof the LED pulse.LED timing canbereadily set
by pointingthe cameraat the LED while observingthe cameraoutputon a monitor.
TheLED appeardit only whenthe LED pulseoverlapsthe cameraexposurenterval.
For a shortdurationpulse the boundsof theexposureinterval canbe explored. Such
anapproactwasusedto determinghe exposureintervalsshovn in Figure3.14.

The peakpulsecurrentwas establishedxperimentallyusing a circuit which al-
lowed the currentwaveform to be monitoredwhile adjustingthe magnitudeof the
appliedvoltagepulse.As thepeakcurrentamplitudes increasedhe obseredcurrent
waveformceaseso besquareandrisesduringthepulse.Thisis indicative of theonset
of thermalbreakdaevn within the junction,andif sustainedvasfoundto leadto per
manentdestructionof the LED. The relationshipbetweenpermissiblecurrentpulse
amplitudeandduty cycle is likely to be nonlinearanddependentiponthermalprop-
ertiesof the LED junctionandencapsulationThefinal LED controlunit providesan
adjustableconstanturrentdrive to avoid destructve currentincreasedueto thermal
breakdavn.

In practiceit wasfound thatthe relationshipbetweencurrentandbrightnesavas
non-linearasshown in FigureE.5. Furtherinvestigatiorwith a high-speeghotodiode
sensaorseeFigureE.3,shavsthatthelight outputof the LED is anarraw initial spike
with a slower exponentialfalloff. Figure E.4 shavs more detail of the initial spike.
Thelight outputincreasesvith currentwhich hasalimited risetime dueto inductance
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Figure E.5: Measured_ED intensity as a function of current. Intensityis the
averageintensity over mary light pulsesas measuredvith an averaginglight-
meter

in thelong connectingcable. After the peak,light outputfalls off exponentiallywith
a time constantof approximatelylOpys. The two time constantanvolved in light
falloff are suspectedo be dueto heatingeffects: the fastmodefrom heatingof the
small junctionregion, andthe slow modefrom heatingthe entire package.At high
temperatur@n LED hasareducedjuantumefficiengy andits spectrakcharacteristics
mayalter[279].

This light sourcehasbeenusedusefully in mary experiments.The mostsignif-
icant difficulties are that the light outputwas not as greatas hopedfor, dueto the
unexpectedthermaleffectsdescribedabore, andthe ratherunesen natureof theillu-
mination.
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