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Abstract—This paper proposesa position estimator that fusesmonoc-
ular vision with acceleometer and gyro measuiementsto generatea di-
rect, relative, 6-DOF position estimatebetweena fr ee- oating underwater
vehicleand a stationary object of interest. This type of position estimate
is useful in the context of autonomousmanipulation tasks, during which
the vehicle needsto control its position relative to objectsin its environ-
ment. Most autonomousmanipulation tasksare vision-basedand assume
known camera motion. However, on free- oating vehicles,camera mo-
tion is generally unknown and must be estimatedtogether with relative
position. Various vision-only systemshave beenusedto estimaterelative
position and cameramotion, but theseare often dif cult to implementin
realunderwater ervironments.

The systemwe proposerelies on vision to generaterelative position
information, but also fusesinertial rate sensorsto reducethe amount of
information that needsto be extracted from the vision system.The result
is a systemthat is simpler and more robust than a vision-only solution.
However, the use of inertial rate sensorsintr oducesseveral issues. The
rate measuementsare subject to biases,which needto be estimatedto
prevent the accumulation of unboundeddrift whenthe measuementsare
integrated. This problem s non-linear, which presentsseveral challenges
in the estimator design.

This paper presentssomeresultsfrom initial experimentswith a xed-
basemanipulator. Sofar, we have implementeda simpli ed estimator for
relative position when camera motion is known. The estimator is part
of the closed-loopcontrol of the manipulator. With this system,we have
demonstrateda simple autonomousmanipulation task.

|. INTRODUCTION

This paperdescribesa position sensingsystemfor free-
oating undervater vehicles capable of performing au-
tonomousmanipulationtasks, such as placing sensorsand
retrieving samples. Theseare comple< and dif cult tasks
composedf modeling,planningandexecutionphasesiuring
which the robot requiresaccuratecontrol (or at leastknowl-
edge)of its positionand orientationrelative to the object of
interest. Free- oating vehicles,which cannotlock their posi-
tion (e.g.,by thrustinginto theseaoor) duringanautonomous
manipulationtask, requirea real-timeestimateof the relative
6-DOF (degreesof freedom)positionbetweenthe vehicleand
the objectof interest. This paperproposes sensingstratey
that enablesundervatervehicle control relative to objectsin
theervironment.

Undervater manipulationtasks are usually performedby

remotely operatedvehicles(Rovs) or mannedsubmersibles.

Thesetasksrequirethe controlof mary degreesof freedomof
thevehicleandthe manipulatorandareperformedby very ex-
periencedpilots. Typically, the vehicleis thrustinto the sea
oor or locked to a structurewith an auxiliary arm to sim-
plify thetask. Very simplemanipulationtasks(e.g.,sampling
of volcanicglasswith the AutonomousBenthic Explorer[1])
have alsobeendemonstratedn autonomousindervatervehi-
cles(auvs).

Ourfocusis on autonomousnanipulationtasksthatcanre-
lieve ROV pilots andthatenablenen manipulationcapabilities
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on AUVs (which cannotbe controlleddirectly by a humanpi-

lot). While humansaresuperioratanalyzinga sceneandspec-
ifying tasks,computerscan often executemanipulationtasks
moreaccuratelyandef ciently. Computersanderive an ad-

vantagefrom incorporatinga larger suite of sensorsandcoor

dinatingmore degreesof freedom. However, determiningthe
positionof objectsin theervironmentis still amajorchallenge
in autonomousgnanipulation.

Whenthe undervater vehicle and the baseof the manipu-
lator are x edin inertial spacethe scenaricof undervaterau-
tonomousnanipulatiortasksis similarto its land-base@quiv-
alent. For land-basedobots,variousresearcherhave demon-
stratedautonomousnanipulationof known and preparedb-
jects (e.g., [2]) and othershave made progresstowards au-
tonomousmanipulationof unknovn anda priori unmodeled
objects[3], [4], [5]- Mostof thesetechniquesisevisionto de-
terminetherelative 6-DOF positionbetweerthe robotandthe
object. Becausdherobotis x edin inertial space this work
assumeshatcameramotionis known.

However, xing theundervatervehicleis not alwayspossi-
ble (e.g.,whenthereis nothingto thrustinto) or desirablge.g.,
whenthrustingwould generate cloud of dust). We therefore
considemanipulationfrom a free- oating base.In this case,
the sensingsystemhasto provide the relative 6-DOF position
betweencameraandobjecteventhoughthe cameramotionis
unknawn.

Severalvision-onlytechniquege.g.,Structurefrom Motion,
Photogrammetryran estimateunknovn cameramotion to-
getherwith relative position. However, most of thesetech-
niguesaredif cult to implementin real undervatererviron-
mentsbecausehey requirea large numberof trackableimage
featuresor rely on featurecorrespondenceis multiple cam-
eras. Underwater manipulationtasksmay occurin erviron-
mentswith only asmallnumberof goodvisualfeaturesgiven
the constraintson lighting and visibility imposedby real un-
derwaterervironments.In this case robusttrackingof multi-
ple featuresand maintainingreliable correspondencesyhich
arethebasisof vision-onlytechniquescanbevery dif cult to
achieve.

The systemwe proposerelieson monocularvision to gen-
eraterelative positioninformation, but also fusesinertial rate
sensordo reducethe amountof informationthat needsto be
extractedfrom the vision system. The resultis a systemthat
is simpler and more robust than a vision-only solution. Our
systemrequiresonly a bearingmeasuremertb a x ed point,
which canbeobtainedby trackingasinglevisualfeature.Usu-
ally, this featureis associatedwvith the objectto be manipu-
lated. Comparedo vision-only algorithms,trackingonly the
bestfeaturein a monocularvision systemcanbe muchfaster



andmorereliable.

The measurementSom monocularvision andinertial rate
sensorgomplementeachotherwell. The motion of the cam-
erabetweensuccessie imagesgenerates baselinefor range
computationdy triangulation.Inertial ratesensorswhoseac-
celerationandangularratemeasurementsanbe integratedto
obtainvehicle velocity, positionand orientation,canaccount
for the 6-DOF motionof the cameraalongthis baseline When
thesemeasurementare fused, the relative position between
the cameraand the object can be computed. A key bene t
of this systemis that, after initialization, the inertial rate sen-
sorscontinueto maintaina usefulestimateof relative position
during vision drop-outs(e.g., occlusions,lack of correspon-
dence) Furthermorebothinertial ratesensorgfor navigation)
and monocularvision systemg(for sciencepurposeshre al-
readycommonsensor®n undervatervehicles.

However, the useof inertial rate sensorsntroducesa major
issueinto the designof the system.Lik e otherdead-reckning
sensorsinertial ratesensorsufer from biasandrandomnoise
errors,which leadto unboundedrift in the integratedquan-
tities. While more expensve sensorsare associatedvith less
drift, we ervision the use of low-costinertial sensorswhich
aresubjectto signi cant drift errors. Therefore,an estimator
to resole the relative camergposition,sensombiasesanddrift
errorsis required.

Obsenability of the statesto be estimatedis a critical is-
sue becausehe problemis non-linearand obsenrability de-
pendson the motionof the camera.During cameraranslation
directly towardsor away from the feature,the estimatorhas
no new informationwith which to improve its rangeestimate.
Only cameramotionstrans\erseto the featuredirection pro-
vide new informationfor the rangeestimate.As a result, the
estimatorrequiressufcient transwersecameramotionin or-
derto produceusefulpositionestimatesIn somecasesgxtra
cameramaneuersarerequiredto improve obsenability. This
presentaninterestingcon ict betweenrtrajectorieswvhich are
designedo completehemanipulatiortaskandspecialcamera
maneuersrequiredto ensuresstimatorobsenability.

The estimation problem contains two signi cant non-
linearities.The rst is relatedto therotationaldegreesof free-
dom of the cameraandthe seconds causedy the cameras
projectionof the three-dimensionalorld onto the 2D image
plane. As a result,the dynamicsand measuremenrgquations
arenon-linearanddependn the actualstateof the system.In
fact, the estimatorexploits the non-linearityof the problemto
obsene therangeto the feature.As motion of the undervater
vehiclemodi es the systemstate, the measuremergquations
change,and new measurement§.e., bearingsto the object
from new viewpoints)make therangeto the objectobsenable.

Sectionll summarizeshe estimationproblemandpresents

modelsfor the vision andinertial rate sensormeasurements.

Sectionlll reviews our previous work in meming vision and
inertial ratesensors.

We areusingtwo experimentalplatformsto supportthis re-
search.We will performanundervatervehicledemonstration
oNn OTTER (seeFig. 1 and[6]), asmallAuv operatedn atest
tank at MBARI, the Monterey Bay Aquarium Researchnsti-
tute. We are also conductingexperimentsin the laboratory
with a x ed-base7-DOF manipulatorarm, describedn Sec-

Fig. 2. Relatve positionestimatorscenario

tion IV. This platform providesavery accuratdruth measure-
mentandcanbe usedto investigatecompetingapproachegp
simulatedifferent disturbancesrvironments,and to quantify
performance.

This researchis still in progressand we are reportingon
initial experiments. The estimatorwe discussin SectionsV
and VI assumeknown cameramotion and doesnot needto
fuseinertial measurementslt combinesknown cameramo-
tion with the bearingto a single, stationaryvisual featureto
estimataelative positionof thefeature.To demonstrat¢he ef-
fectivenes®f thistechniquethe manipulatomuseshe position
estimateo locateandpressa button.

The experimentdescribedn this paperhighlights how the
estimatorcan be combinedwith a trajectorygeneratoranda
controllerto build a systemthat canaccomplisha simplema-
nipulationtask. Oncewe completethe developmentof anal-
gorithm that can estimaterelative featurepositionaswell as
cameramotion (by fusinginertial ratemeasurementsjye can
integratethis new capabilityinto theexisting controlstructure.
Similarly, an algorithmthat canprovide moreef cient trajec-
toriescanbe substitutedor the currenttrajectorygeneratar

Finally, SectionVIl statesour conclusionsandoutlinesfu-
turework.

Il. PROBLEM DEFINITION
A. EstimationScenario

Fig. 2 shawvs an undervatervehiclewhich hasextendedits
manipulatorarm to graspa stationaryobjectin the environ-
ment. To succeedthe graspingtaskrequiresa relative 6-DOF
position measuremenof the objectin body coordinates. A
cameraon the vehicleis trackingthe objectandinertial rate
sensorarereportingthevehicle’sacceleratiormandangularve-
locity. Thesemeasurementsanbe fusedto estimaterelative
position.
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Fig. 3. Geometryof the estimationproblem

The geometryof the estimationproblemis representedn
Fig. 3. FrameO indicatesthe inertial referenceframeand p
indicateghe positionof thestationaryfeature.Let q bethepo-
sition of thecamerawhichis attachedo thebodyframeC. In
principle, the cameraandthe inertial sensorsanbe mounted
arywhereon the vehicle,aslong astheir relative positionand
orientationareknown. To simplify the discussionywe assume
thatall the sensorsarecollocatedatq. Roc = R/, istherota-
tion matrix from the camerato theinertial frameand! is the
associatedotationalvelocity.

In generalg andRc, which representhe cameramotion,
are not known and needto be estimated. However, for the
experimentgresentedh this paperwe still assumehatq and
Roc areknown.

The position of the featureas seenby the camerais r =
p q. Weassumehatthe featureis stationaryin theinertial
frame,sop = p = 0. Therefore,r = qandf = ¢.
Becausef thisassumptiona measuremerdf theacceleration
¢ in inertial spaces usefulfor estimatingthe relative feature
positionr .

We usethe superscripC (e.g.,°r = Rgor) to indicatethat
the vectoris resohed in FrameC insteadof inertial coordi-
nates.

B. Modelsfor the SensoMeasuements

Thevision measuremert; is the projectionof ©r ontothe
imageplane,andis modeledasfollows:

C

r = Reo(p 1) 1)
= Cr, 2
_ s _ 1 Cr,

Zs = s, = - Cry + Vs (3)

wherev is zero-mearGaussiamoiseN (0; Rg). For simplic-
ity, we assumehat the camerameasurementare normalized
sotheeffective focal lengthis 1. With a slight abuseof termi-
nology, we will referto astherangeto thefeatureandto sy
andsy asthebearing.Theopticalaxisof thecamerds aligned
with the z-axisof FrameC.

The accelerometemeasurement, includesthe accelera-
tion g of the camerathe acceleratiordueto gravity, a sensor

biasb,, andsensomnoise.

Za= Reo(8+ g)+ bat vy 4)

We assuméhatv, isN (0;R;) noise.g= 0 0 g T
is theacceleratiordueto gravity in inertial coordinates.
The gyro measuremenincludesthe rotational velocity of
the camerasensorbiash, , andsensomoisev, modeledby
N (O;R)).
2 = Re! + b! + Vi

(5)
I1l. PREVIOUS WORK

Themeasuremergquationsn (1) to (5) includeseveralnon-
linearities.Becausef therotationaldegreesof freedomof the
vehicle,thedynamicsarealsonon-linear

Variousmethodsxist to handlenon-linearestimationprob-
lems. We considerestimatordasedon extensiongo the pop-
ular Kalman Filter. The mostwidely usedis the Extended
KalmanFilter (EkF), which linearizesthe dynamicsandmea-
suremenequationsof non-linearsystemsn orderto take ad-
vantageof the Kalman Filter equations. Although the EKF
worksverywell for awide rangeof applicationsit comeswith
no guaranteesindcanleadto very poor performance An al-
ternative to the EKF is the two-stepestimator[7], which re-
formulatesthe problemso thatall the measuremergquations
becomelinear andall of the non-linearitiesappeaiin the dy-
namicswherethey canbe handledmoreaccuratelywith com-
putationalmethods.

In [8], we derive an EKF anda two-stepestimatorfor a 2D
versionof the estimationproblem,and we presenta simula-
tion that comparegheir ability to fusevision andinertial rate
measurementsWe comparethe two estimatorshasedon the
accuray of the stateestimate the accuray of the covariance
estimate,andthe tendeny of the estimatorgo diverge. This
simulationindicatesthatin the context of this fusion problem,
thetwo-stepestimatomperformssigni cantly better

In this paper however, we derive only an EKF becauseéhe
estimatiorproblemis simpler(assumeknown cameramotion)
andthe€ekF, whichis easietto deriveandimplementperforms
sufciently well in this case.

IV. LABORATORY TESTBED

The goal of this researchs to develop a relative position
sensingstratgy which is usefulfor autonomousnanipulation
on undervatervehicles.However, in our initial work, we have
useda x ed-basemanipulator Fig. 4 showvs the K-1607 ma-
nipulatorbuilt by RoboticsResearctCorporatiort andlocated
at NASA AmesResearclCenter It is a 7-DOF, kinematically
redundanimanipulatorwhoseendpointcanbe movedto ary
positionandorientationin its workspace We have collocated
the cameraandthe inertial rate sensorson the endpointof the
manipulator

We canusethisgenerapurposemanipulatotto simulatevar-
ious conditions.For example,it simulatesaneye-in-handma-
nipulator mountedon an undervatervehicle which hasbeen
x edin inertial coordinatespossiblyby thrustinginto the sea
oor or by attachingitself to a structure. We canalsotreat

Lhttp://wwwrobotics-research.com



Fig.4. RRCK-16077-DOF Manipulator

the manipulatorendpointas the undervater vehicle and use
the manipulatorto simulatethe motion of the vehicledueto
thrusteranddisturbancedorces. All of the manipulatorjoints
areinstrumentedvith encoderssothattheexactpositionof the
endpointcanbe computed.This providesatruth measurement
whichis usuallynot availablewhenusingoperationavehicles.

While vision processingfor undervater ervironmentsre-

mainsa challengingproblem, mary researcherbave already
developedusefulalgorithmsthatcanbe usedto tracka feature
on the objectof interest. In our currentresearchye assume
thatarobustpoint-featurecanbetracked,andfocusinsteadon
integratingthis type of measuremerinto a positionestimator
For this experiment,we useaninfrared LED to simulatea vi-
sualfeature. The camerausesaninfrared Iter which blocks
mostof the ambientlight. Whenthe LED is in the cameras
eld-of-vie w, theresultingimagecontainsa bright spotwhich
canbetracked by simplethresholdmethods.To measureac-
celeratiorandrotationalvelocity, we usethe DMU-6X Inertial
Measurementnit by Crossbav?.

Our experimentincludes a simple manipulationtask to
demonstratehe usefulnesof our position estimator Most
autonomousnanipulatiortasksaredif cult to specifyandin-
volve complex modeling, planning, and executionphasesas
well astask-speci csensorsThetaskwe have choseris much
easielto implementbecausé only requireshemanipulatotto
pusha buttonto togglea light switch. Specifyingthe position
of the buttonandthe pushingdirectioncompletelyde nesthe
task. The size of the button determineghe requiredaccurag
of the positionmeasurement.

Fig. 5 shawvs the manipulatorendpointpositionedcloseto
a boardon which the button is mounted. The endpointhasa
tool usedto pushthe button, a camerawith aninfrared Iter,
andtheinertial ratesensorsAn infraredLED, which senesas

2http://wwwxbawv.com
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Fig. 5. Manipulatorendpointwith cameraandinertial ratesensorgositioned

closeto the IR-LED andthe pushbutton
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Fig. 6. Block Diagramshawing the Vehicle,Controller SensorsandEstima-
tors

the visual feature,is mountedon the boardto the left of the
button. The position of the LED is estimatedrelative to the
camera,and the manipulatortool is usedto pushthe button.
The necessanpffset betweenestimatedfeatureposition and
desiredtool positionis a constanthatcanbe determinecy a
simplecalibrationprocedure.

V. SIMPLIFIED ESTIMATION PROBLEM

We have usedthe manipulatorto demonstrate simpli ed
versionof the estimationproblemin which the cameramo-
tion is known in inertial space.We simulatethis scenarioby
providing the estimatorwith q andR. derivedfrom the ma-
nipulatorencoders.The estimatorthencompute) basedon
vision measurementsyhich provide the projectionof r onto
theimageplane.

Fig. 6 shovs ablock diagramfor this system.Thetrajectory
generatospeci esa desiredcameraoffsetr 4 from thefeature
andadesiredcamereorientationRq¢.q . Thisleadsto adesired
camergosition

Qa = p (6)

The controllercomputesa commandu thatdrivesthe camera
to positionq andorientationR .. Thecontroldesignis beyond
the scopeof this paper At this position,thecamerageneratea
measuremerts using(3). Thismeasuremens usedto update
p in theestimator

We implementedhe estimatorasan ExKF [9] with p asthe
statevectorand a trivial time updatep = 0. Thusthe EKF

lq:



time-updateequationsaregivenby

Pi+1ji Piji (7)
Pisji = Py + Q=T: 8)

Let T bethe sampleinterval with measurementsecordedat
timet = iT;i = 0;1;:::N. The notationpy;, indicatesan
estimateat time-stepa usingmeasurementsp to time-stepb.
P is anestimateof theerrorcovarianceandQ representscti-
tious processhoiseto keepthe estimatorfrom falling asleep.

The measurementipdateequationsuse a non-linearfunc-
tion h(p) anda time-varying matrix H; to capturethe non-
linearity of the measuremergquation.

1

Li = Pij 1H R+ HiPj Hf 9)
Piji Piji 1+ Li zsi h Piji 1 (10)
Piji = (I LiHi)Pij 1 (11)
We canderive h (p) from (3). We rst labeltherows of R,
2 3
Rl;i
Reoi = 4 Ry 9 (12)
R3;i
which allows usto rewrite (3) as
Zsi = h(pi)+ Vs (13)
) h1 (pi)
h (pi) he (b)) (14)
Ryi (Pi ai)
hi(pi) = =———=~ 15
+(pi) Rsi (pi Qi) 13)
Rai (pi ai)
hy (pi)) = =—=—F1—-% 16
2(Pi) Rsi (pi Qi) (16)

To computeH;, we write the rst-order Taylor expansionof
h (pi) aboutthe prior estimatep;j; 1, which is basedon the

assumptiorthat p; andthehigherordertermsof the expan-
sionaresmall.
h(pi) = h Py 2+ +Hi pi (17)
Pi = Pi Biji 1 (18)
@
Hi = b~ (19)
@ Piji 1
1 ARy Ry Piji 1 di Rs;
= = ' * (20
N NRzi Rai Piji 1 di Ra; (20)
A= Rsi Piji 1 G (21)

Becausef thenon-linearitiesn the estimatiorproblemthe
cameratrajectoryis importantin achiezing a good estimate.
The cameraneedso obsene the featurefrom a variety of di-
rectionsfor thetriangulationprocedurémplicit in the estima-
tor to generat@anaccuratdeaturelocation.

The trajectorythat we have chosenhastwo parts: an ex-
ploratoryphaseandanapproachphase During theexploratory
phasethe cameramovesalonganarc of constantadiuscen-
teredon the currentestimateof thefeature.An arc maximizes
therangeof directionsfrom whichthefeatureis obsened.Be-
causethe featureestimatechangesduring the trajectory the
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Fig. 7. CameraMotion in the x-z plane. The guidesare spacedat 0.5 s
intenals andindicatethe opticalaxis of thecamera.

nal motionmightnotrepresenanexactarcin inertial coordi-
nates.

During the approachthe cameramoves primarily towards
the feature,so the camerameasurementacquiredduring this
phaseprovide little new information. At the sametime, the
measuremenipdate(i.e., equation20) becomegpoorly condi-
tionedas”; becomesmaller Thereforewe stopthe estimator
at the beginning of the approactphaseand completethe task
in ablind manner

VI. EXPERIMENTAL RESULTS

Thissectionpresentsesultsobtainedrom experimentswith
theK-1607manipulator Weimplementedhe estimatomaspart
of the closed-loopcontrolof themanipulatorarm. Theestima-
tor usedcamerameasurementzs of the featureand known
cameramotion (i.e.,  andR.) to estimatethe featureposi-
tionp.

Beforeeachexperimenttheestimatoiis reseto anew initial
estimated of thefeatureposition. Thesystenthenmovesthe
camerahrougha desiredtrajectoryandestimateghe position
p of thefeature.Thetrajectoryis relative to thecurrentfeature
estimateandterminatesat a predeterminedaffsetto the nal
featureestimated; . If thisestimatds sufciently accuratethe
manipulatorsucceed pressinghebuttonbesidethefeature.

To simulatechangingconditions,we chosedifferentinitial
camergpositionsqg for eachexperiment. Theinitial estimate
of the featurep wasinitialized ata x eddistancen front of
thecamera.

Fig. 7 shavs a plot of the cameramotionin the x-z plane
for oneexperiment.Althoughthe cameraalsomovesin they-
direction,the designof the trajectoryconcentratesostof the
motionis in the x-z plane.The camerastartsat a positionx =
0:0m;y = 0:0m; andz = 1:0m and nishes by pressinghe
button. Thetaskis setup suchthatthemanipulatorapproaches
the buttonalwaysin the positive x-direction. At the beginning
of thetask,theonly unknawnis the positionof the LED feature
andthebutton,which arerelatedby a x edoffset. The guides
in Fig. 7 indicatethepositionof thecameraandtheorientation
of its opticalaxisin 0:5s intenvals.

Fig. 8 shavs the estimatorresultsfor the sameexperiment.
The estimatoris initialized at x = 0:4m;y = 0:0m; and
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Fig. 8. Estimated-eaturePositionfor onerun, with initial and nal estimates.

Theverticalline indicatesthe beginning of the approactphasewvhenthe esti-
matoris turnedoff.
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Fig. 9. EstimatedreaturePositionfor twelve runseachwith differentinitial

conditions.Theestimatedtandardieviation of the nal estimatas shavn for
eachcoordinate.

z = 1:.0m, whichis simply 0:4m in front of the camera.The
parametersisedfor the estimatorare:

T = 9:15 (22)
01 0 O
Pob = 40 01 05 (23)
0 0 01
2 3
108 0 0
Q =4 0 108 o0 5 (24)
0 0 10°8
_ 0:0001 0
R = 0  0:0001 (25)

The Q andR matricesare selectedo captureary noiseand
bias errorsin the camerameasurementand robot joint en-
coders.errorsin the kinematicmodelof the manipulator and
biasesnducedby the estimator

Theverticalline in Fig. 8 separatethe exploratoryphaseof
thetrajectoryfrom the approactphase.The estimatoris only
active during the exploratory phase. The plot also shavs the
initial and nal estimatedor this experiment.

Fig. 9 shavs the estimatorresultsfor 12 experimentsgach
with differentinitial conditions. The initial featureestimate

rangesfrom 0:2t0 0:8m in x, 0:25t0 0:23m iny, and0:75
to 1:34m in z. Tablel shavs the meanand standarddevia-
tion of the stateestimatedor thesel2 experiments.Therobot
succeedeth pressinghebuttoneverytime.

TABLE |
MEAN AND STANDARD DEVIATION OF ESTIMATES

standard
mean(m) | deviation(m)
Px 0.5153 0.0050
py | 0.0460 0.0004
P, 1.0189 0.0015

VIlI. CONCLUSIONS

We have proposeda relative position estimatorfor free-
oating undervater vehicles capable of performing au-

tonomousmanipulationtasks. Suchvehiclesposea unique
sensorrequirement: a robust, 6-DOF, direct estimateof the
relative position betweenthe vehicle and a stationaryvisual
feature.

We have de ned a sensosstratgy thatmemgesvisionandin-
ertial ratesensorsdiscussedts key advantagesandidenti ed
someof the challenge®f implementinghis technique.

In ourinitial experimentsye useda x ed-basenanipulator
with anendpointcamerato demonstratéhe useof vision and
known cameramotionto estimatethe positionof a singlesta-
tionaryfeature. The positionestimatesvereusedto closethe
loop on an autonomousnanipulationtaskin which the robot
presses buttonidenti ed by aninfraredLED.

Our future work will focuson four main topics. First, the
estimatorneedsto be expandedto memge inertial rate sensor
measurement® estimatecameramotion. Someof our work
in this directionhasalreadybeendescribedn [8], wherewe
have presentednestimatorfor atwo-dimensionatvorld. The
next stepis to derive a two-stepestimatorfor thefull 3D prob-
lem. Secondwhencameramotionis unknown, the quality of
themodelsthatpredictdisturbancelynamicge.g.,from ocean
currents)will limit the performanceof the estimator More
realistic modeling of disturbanceprocessesvill improve the
performancef anoperationabystem.Third, we currentlyuse
ad hoc trajectoriesto generatesufcient sensomotion. The
issueof blendingoptimalmaneuersto improve obsenability
with the executionof usefulmanipulationtasksremainsto be
explored. Finally, we expectto demonstratéhe estimatoras
partof anautonomousnanipulatiortaskon a free- oating un-
derwatervehicle.
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