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Abstract—This paper proposesa position estimator that fusesmonoc-
ular vision with accelerometer and gyro measurementsto 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 objects in its environ-
ment. Most autonomousmanipulation tasksare vision-basedand assume
known camera motion. However, on fr ee-�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 implement in
real underwater environments.

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

This paper presentssomeresultsfr om 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.

I . INTRODUCTION

This paperdescribesa position sensingsystemfor free-
�oating underwater vehicles capable of performing au-
tonomousmanipulationtasks, such as placing sensorsand
retrieving samples. Theseare complex and dif�cult tasks
composedof modeling,planningandexecutionphasesduring
which the robot requiresaccuratecontrol (or at leastknowl-
edge)of its position and orientationrelative to the object of
interest.Free-�oatingvehicles,which cannotlock their posi-
tion (e.g.,by thrustinginto thesea�oor) duringanautonomous
manipulationtask,requirea real-timeestimateof the relative
6-DOF (degreesof freedom)positionbetweenthevehicleand
the objectof interest. This paperproposesa sensingstrategy
that enablesunderwatervehiclecontrol relative to objectsin
theenvironment.

Underwater manipulationtasksare usually performedby
remotelyoperatedvehicles(ROVs) or mannedsubmersibles.
Thesetasksrequirethecontrolof many degreesof freedomof
thevehicleandthemanipulatorandareperformedby veryex-
periencedpilots. Typically, the vehicle is thrust into the sea
�oor or locked to a structurewith an auxiliary arm to sim-
plify thetask. Very simplemanipulationtasks(e.g.,sampling
of volcanicglasswith theAutonomousBenthicExplorer[1])
havealsobeendemonstratedonautonomousunderwatervehi-
cles(AUVs).

Our focusis on autonomousmanipulationtasksthatcanre-
lieve ROV pilots andthatenablenew manipulationcapabilities

on AUVs (which cannotbecontrolleddirectly by a humanpi-
lot). While humansaresuperioratanalyzingasceneandspec-
ifying tasks,computerscanoften executemanipulationtasks
moreaccuratelyandef�ciently . Computerscanderive an ad-
vantagefrom incorporatinga largersuiteof sensorsandcoor-
dinatingmoredegreesof freedom.However, determiningthe
positionof objectsin theenvironmentis still amajorchallenge
in autonomousmanipulation.

Whenthe underwatervehicleand the baseof the manipu-
lator are�x edin inertial space,thescenarioof underwaterau-
tonomousmanipulationtasksis similarto its land-basedequiv-
alent.For land-basedrobots,variousresearchershave demon-
stratedautonomousmanipulationof known andpreparedob-
jects (e.g., [2]) and othershave madeprogresstowardsau-
tonomousmanipulationof unknown anda priori unmodeled
objects[3], [4], [5]. Mostof thesetechniquesusevision to de-
terminetherelative 6-DOF positionbetweentherobotandthe
object. Becausethe robot is �x ed in inertial space,this work
assumesthatcameramotionis known.

However, �xing theunderwatervehicleis not alwayspossi-
ble(e.g.,whenthereis nothingto thrustinto) or desirable(e.g.,
whenthrustingwould generatea cloudof dust). We therefore
considermanipulationfrom a free-�oating base.In this case,
thesensingsystemhasto provide the relative 6-DOF position
betweencameraandobjecteventhoughthecameramotion is
unknown.

Severalvision-onlytechniques(e.g.,Structurefrom Motion,
Photogrammetry)can estimateunknown cameramotion to-
getherwith relative position. However, most of thesetech-
niquesaredif�cult to implementin real underwaterenviron-
mentsbecausethey requirea largenumberof trackableimage
featuresor rely on featurecorrespondencesin multiple cam-
eras. Underwatermanipulationtasksmay occur in environ-
mentswith only a smallnumberof goodvisualfeatures,given
the constraintson lighting andvisibility imposedby real un-
derwaterenvironments.In this case,robust trackingof multi-
ple featuresandmaintainingreliablecorrespondences,which
arethebasisof vision-onlytechniques,canbeverydif�cult to
achieve.

The systemwe proposerelieson monocularvision to gen-
eraterelative positioninformation,but alsofusesinertial rate
sensorsto reducethe amountof informationthat needsto be
extractedfrom the vision system.The result is a systemthat
is simplerandmore robust thana vision-only solution. Our
systemrequiresonly a bearingmeasurementto a �x ed point,
whichcanbeobtainedby trackingasinglevisualfeature.Usu-
ally, this featureis associatedwith the object to be manipu-
lated. Comparedto vision-onlyalgorithms,trackingonly the
bestfeaturein a monocularvision systemcanbe muchfaster
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andmorereliable.
The measurementsfrom monocularvision andinertial rate

sensorscomplementeachotherwell. Themotionof thecam-
erabetweensuccessive imagesgeneratesa baselinefor range
computationsby triangulation.Inertial ratesensors,whoseac-
celerationandangularratemeasurementscanbeintegratedto
obtainvehiclevelocity, positionandorientation,canaccount
for the6-DOF motionof thecameraalongthis baseline.When
thesemeasurementsare fused, the relative position between
the cameraand the object can be computed. A key bene�t
of this systemis that,after initialization, the inertial ratesen-
sorscontinueto maintaina usefulestimateof relativeposition
during vision drop-outs(e.g., occlusions,lack of correspon-
dence).Furthermore,bothinertial ratesensors(for navigation)
and monocularvision systems(for sciencepurposes)are al-
readycommonsensorsonunderwatervehicles.

However, theuseof inertial ratesensorsintroducesa major
issueinto thedesignof thesystem.Like otherdead-reckoning
sensors,inertial ratesensorssuffer from biasandrandomnoise
errors,which leadto unboundeddrift in the integratedquan-
tities. While moreexpensive sensorsareassociatedwith less
drift, we envision the useof low-cost inertial sensors,which
aresubjectto signi�cant drift errors. Therefore,an estimator
to resolve therelative cameraposition,sensorbiasesanddrift
errorsis required.

Observability of the statesto be estimatedis a critical is-
suebecausethe problemis non-linearand observability de-
pendson themotionof thecamera.Duringcameratranslation
directly towardsor away from the feature,the estimatorhas
no new informationwith which to improve its rangeestimate.
Only cameramotionstransverseto the featuredirectionpro-
vide new informationfor the rangeestimate.As a result, the
estimatorrequiressuf�cient transversecameramotion in or-
der to produceusefulpositionestimates.In somecases,extra
cameramaneuversarerequiredto improveobservability. This
presentsan interestingcon�ict betweentrajectorieswhich are
designedto completethemanipulationtaskandspecialcamera
maneuversrequiredto ensureestimatorobservability.

The estimation problem contains two signi�cant non-
linearities.The�rst is relatedto therotationaldegreesof free-
dom of the cameraandthe secondis causedby the camera's
projectionof the three-dimensionalworld onto the 2D image
plane. As a result, the dynamicsandmeasurementequations
arenon-linearanddependon theactualstateof thesystem.In
fact,theestimatorexploits thenon-linearityof theproblemto
observe therangeto thefeature.As motionof theunderwater
vehiclemodi�es thesystemstate,themeasurementequations
change,and new measurements(i.e., bearingsto the object
from new viewpoints)maketherangeto theobjectobservable.

SectionII summarizestheestimationproblemandpresents
modelsfor the vision and inertial rate sensormeasurements.
SectionIII reviews our previous work in merging vision and
inertial ratesensors.

We areusingtwo experimentalplatformsto supportthis re-
search.We will performanunderwatervehicledemonstration
on OTTER (seeFig. 1 and[6]), a small AUV operatedin a test
tank at MBARI, the Monterey Bay AquariumResearchInsti-
tute. We are also conductingexperimentsin the laboratory
with a �x ed-base7-DOF manipulatorarm, describedin Sec-

Fig. 1. OTTER: asmallunderwatervehicleoperatedin MBARI 's testtank

Fig. 2. Relative positionestimatorscenario

tion IV. Thisplatformprovidesaveryaccuratetruth measure-
mentandcanbeusedto investigatecompetingapproaches,to
simulatedifferentdisturbanceenvironments,and to quantify
performance.

This researchis still in progressand we are reportingon
initial experiments. The estimatorwe discussin SectionsV
andVI assumesknown cameramotion anddoesnot needto
fuse inertial measurements.It combinesknown cameramo-
tion with the bearingto a single,stationaryvisual featureto
estimaterelativepositionof thefeature.To demonstratetheef-
fectivenessof this technique,themanipulatorusestheposition
estimateto locateandpressabutton.

The experimentdescribedin this paperhighlightshow the
estimatorcanbe combinedwith a trajectorygeneratoranda
controllerto build a systemthatcanaccomplisha simplema-
nipulationtask. Oncewe completethedevelopmentof anal-
gorithm that canestimaterelative featurepositionaswell as
cameramotion(by fusinginertial ratemeasurements),we can
integratethisnew capabilityinto theexistingcontrolstructure.
Similarly, analgorithmthatcanprovide moreef�cient trajec-
toriescanbesubstitutedfor thecurrenttrajectorygenerator.

Finally, SectionVII statesour conclusionsandoutlinesfu-
turework.

I I . PROBLEM DEFINITION

A. EstimationScenario

Fig. 2 shows anunderwatervehiclewhich hasextendedits
manipulatorarm to graspa stationaryobject in the environ-
ment. To succeed,thegraspingtaskrequiresa relative 6-DOF

position measurementof the object in body coordinates. A
cameraon the vehicle is tracking the objectand inertial rate
sensorsarereportingthevehicle'saccelerationandangularve-
locity. Thesemeasurementscanbe fusedto estimaterelative
position.
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The geometryof the estimationproblemis representedin
Fig. 3. FrameO indicatesthe inertial referenceframeandp
indicatesthepositionof thestationaryfeature.Let q bethepo-
sitionof thecamera,which is attachedto thebodyframeC. In
principle, thecameraandthe inertial sensorscanbemounted
anywhereon thevehicle,aslong astheir relative positionand
orientationareknown. To simplify thediscussion,we assume
thatall thesensorsarecollocatedat q. Roc = RT

co is therota-
tion matrix from thecamerato the inertial frameand! is the
associatedrotationalvelocity.

In general,q andRoc, which representthecameramotion,
are not known and needto be estimated. However, for the
experimentspresentedin thispaper, westill assumethatq and
Roc areknown.

The position of the featureas seenby the camerais r =
p � q. We assumethat the featureis stationaryin the inertial
frame, so _p = •p = 0. Therefore,_r = � _q and•r = � •q.
Becauseof thisassumption,ameasurementof theacceleration
•q in inertial spaceis usefulfor estimatingthe relative feature
positionr .

We usethesuperscriptC (e.g.,C r = Rcor ) to indicatethat
the vector is resolved in FrameC insteadof inertial coordi-
nates.

B. Modelsfor theSensorMeasurements

Thevision measurementzs is theprojectionof C r ontothe
imageplane,andis modeledasfollows:

C r = Rco (p � q) (1)

� = C r z (2)

zs =
�

sx

sy

�
=

1
�

�
C r x
C r y

�
+ vs (3)

wherev s is zero-meanGaussiannoiseN (0; Rs). For simplic-
ity, we assumethat thecamerameasurementsarenormalized
sotheeffective focal lengthis 1. With a slight abuseof termi-
nology, we will refer to � astherangeto thefeatureandto sx

andsy asthebearing.Theopticalaxisof thecamerais aligned
with thez-axisof FrameC.

The accelerometermeasurementza includesthe accelera-
tion •q of thecamera,theaccelerationdueto gravity, a sensor

biasba , andsensornoise.

za = Rco (•q + g) + ba + va (4)

We assumethatva is N (0; Ra) noise.g =
�

0 0 � g
� T

is theaccelerationdueto gravity in inertial coordinates.
The gyro measurementincludesthe rotationalvelocity of

the camera,sensorbiasb ! , andsensornoisev ! modeledby
N (0; R! ).

z! = Rco! + b ! + v ! (5)

I I I . PREVIOUS WORK

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

Variousmethodsexist to handlenon-linearestimationprob-
lems. We considerestimatorsbasedon extensionsto thepop-
ular Kalman Filter. The most widely usedis the Extended
KalmanFilter (EKF), which linearizesthedynamicsandmea-
surementequationsof non-linearsystemsin orderto take ad-
vantageof the Kalman Filter equations. Although the EKF

worksverywell for awiderangeof applications,it comeswith
no guaranteesandcanleadto very poorperformance.An al-
ternative to the EKF is the two-stepestimator[7], which re-
formulatestheproblemsothatall themeasurementequations
becomelinear andall of the non-linearitiesappearin the dy-
namics,wherethey canbehandledmoreaccuratelywith com-
putationalmethods.

In [8], we derive an EKF anda two-stepestimatorfor a 2D

versionof the estimationproblem,andwe presenta simula-
tion thatcomparestheir ability to fusevision andinertial rate
measurements.We comparethe two estimatorsbasedon the
accuracy of thestateestimate,theaccuracy of the covariance
estimate,andthe tendency of the estimatorsto diverge. This
simulationindicatesthat in thecontext of this fusionproblem,
thetwo-stepestimatorperformssigni�cantly better.

In this paper, however, we derive only an EKF becausethe
estimationproblemissimpler(assumesknowncameramotion)
andtheEKF, whichis easierto deriveandimplement,performs
suf�ciently well in this case.

IV. LABORATORY TESTBED

The goal of this researchis to develop a relative position
sensingstrategy which is usefulfor autonomousmanipulation
onunderwatervehicles.However, in our initial work, we have
useda �x ed-basemanipulator. Fig. 4 shows the K-1607 ma-
nipulatorbuilt by RoboticsResearchCorporation1 andlocated
at NASA AmesResearchCenter. It is a 7-DOF, kinematically
redundantmanipulatorwhoseendpointcanbe moved to any
positionandorientationin its workspace.We have collocated
thecameraandthe inertial ratesensorson theendpointof the
manipulator.

Wecanusethisgeneralpurposemanipulatorto simulatevar-
iousconditions.For example,it simulatesaneye-in-handma-
nipulatormountedon an underwatervehiclewhich hasbeen
�x edin inertial coordinates,possiblyby thrustinginto thesea
�oor or by attachingitself to a structure. We can also treat

1http://www.robotics-research.com
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Fig. 4. RRCK-16077-DOFManipulator

the manipulatorendpointas the underwater vehicle and use
the manipulatorto simulatethe motion of the vehicledue to
thrusteranddisturbanceforces. All of the manipulatorjoints
areinstrumentedwith encoders,sothattheexactpositionof the
endpointcanbecomputed.This providesa truthmeasurement
whichis usuallynotavailablewhenusingoperationalvehicles.

While vision processingfor underwater environmentsre-
mainsa challengingproblem,many researchershave already
developedusefulalgorithmsthatcanbeusedto tracka feature
on the objectof interest. In our currentresearch,we assume
thata robustpoint-featurecanbetracked,andfocusinsteadon
integratingthis typeof measurementinto a positionestimator.
For this experiment,we usean infraredLED to simulatea vi-
sualfeature. The camerausesan infrared�lter which blocks
mostof the ambientlight. Whenthe LED is in the camera's
�eld-of-view, theresultingimagecontainsa bright spotwhich
canbe tracked by simplethresholdmethods.To measureac-
celerationandrotationalvelocity, weusetheDMU-6X Inertial
MeasurementUnit by Crossbow2.

Our experiment includes a simple manipulation task to
demonstratethe usefulnessof our position estimator. Most
autonomousmanipulationtasksaredif�cult to specifyandin-
volve complex modeling,planning,and executionphasesas
well astask-speci�csensors.Thetaskwehavechosenis much
easierto implementbecauseit only requiresthemanipulatorto
pusha buttonto togglea light switch. Specifyingtheposition
of thebuttonandthepushingdirectioncompletelyde�nes the
task. The sizeof thebuttondeterminesthe requiredaccuracy
of thepositionmeasurement.

Fig. 5 shows the manipulatorendpointpositionedcloseto
a boardon which the button is mounted.The endpointhasa
tool usedto pushthe button,a camerawith an infrared�lter ,
andtheinertial ratesensors.An infraredLED, whichservesas

2http://www.xbow.com
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Fig. 5. Manipulatorendpointwith cameraandinertial ratesensorspositioned
closeto theIR-LED andthepushbutton
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Fig. 6. Block Diagramshowing theVehicle,Controller, Sensors,andEstima-
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 necessaryoffset betweenestimatedfeatureposition and
desiredtool positionis a constantthatcanbedeterminedby a
simplecalibrationprocedure.

V. SIMPLIFIED ESTIMATION PROBLEM

We have usedthe manipulatorto demonstratea simpli�ed
versionof the estimationproblemin which the cameramo-
tion is known in inertial space.We simulatethis scenarioby
providing theestimatorwith q andRoc derivedfrom thema-
nipulatorencoders.The estimatorthencomputeŝp basedon
vision measurements,which provide the projectionof r onto
theimageplane.

Fig. 6 showsablockdiagramfor thissystem.Thetrajectory
generatorspeci�esa desiredcameraoffsetr d from thefeature
anda desiredcameraorientationRoc;d . This leadsto adesired
cameraposition

qd = p̂ � r d: (6)

Thecontrollercomputesa commandu thatdrivesthecamera
to positionq andorientationRoc. Thecontroldesignis beyond
thescopeof thispaper. At thisposition,thecamerageneratesa
measurementzs using(3). Thismeasurementis usedto update
p̂ in theestimator.

We implementedtheestimatorasan EKF [9] with p asthe
statevectoranda trivial time update_p = 0. Thus the EKF
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time-updateequationsaregivenby

p̂ i +1 j i = p̂ i j i (7)

Pi +1 j i = Pi j i + Q=T: (8)

Let T be the sampleinterval with measurementsrecordedat
time t = iT ; i = 0; 1; : : :N . The notationp̂ajb indicatesan
estimateat time-stepa usingmeasurementsup to time-stepb.
P is anestimateof theerrorcovarianceandQ represents�cti-
tiousprocessnoiseto keeptheestimatorfrom falling asleep.

The measurementupdateequationsusea non-linearfunc-
tion h (p ) anda time-varying matrix H i to capturethe non-
linearityof themeasurementequation.

L i = Pi j i � 1H T
i

�
R + H i Pi j i � 1H T

i

� � 1
(9)

p̂ i j i = p̂ i j i � 1 + L i
�
zs;i � h

�
p̂ i j i � 1

��
(10)

Pi j i = (I � L i H i ) Pi j i � 1 (11)

We canderiveh (p ) from (3). We �rst labeltherowsof Rco;i

Rco;i =

2

4
R1;i

R2;i

R3;i

3

5 ; (12)

whichallowsusto rewrite (3) as

zs;i = h (p i ) + vs;i (13)

h (p i ) =
�

h1 (p i )
h2 (p i )

�
(14)

h1 (p i ) =
R1;i (p i � q i )
R3;i (p i � q i )

(15)

h2 (p i ) =
R2;i (p i � q i )
R3;i (p i � q i )

(16)

To computeH i , we write the �rst-order Taylor expansionof
h (p i ) aboutthe prior estimatêp i j i � 1, which is basedon the
assumptionthat � p i andthehigherordertermsof theexpan-
sionaresmall.

h (p i ) �= h
�
p̂ i j i � 1

�
+ H i � p i (17)

� p i = p i � p̂ i j i � 1 (18)

H i =
@h
@p

�
�
�
�
p̂ i j i � 1

(19)

=
1
�̂ 2

i

�
�̂ i R1;i � R1;i

�
p̂ i j i � 1 � q i

�
R3;i

�̂ i R2;i � R2;i
�
p̂ i j i � 1 � q i

�
R3;i

�
(20)

�̂ i = R3;i
�
p̂ i j i � 1 � q i

�
(21)

Becauseof thenon-linearitiesin theestimationproblem,the
cameratrajectoryis importantin achieving a good estimate.
Thecameraneedsto observe the featurefrom a varietyof di-
rectionsfor thetriangulationprocedureimplicit in theestima-
tor to generateanaccuratefeaturelocation.

The trajectorythat we have chosenhastwo parts: an ex-
ploratoryphaseandanapproachphase.Duringtheexploratory
phase,thecameramovesalonganarcof constantradiuscen-
teredon thecurrentestimateof thefeature.An arcmaximizes
therangeof directionsfrom whichthefeatureis observed.Be-
causethe featureestimatechangesduring the trajectory, the

-0.1 0 0.1 0.2 0.3 0.4 0.5

0.8

0.9

1

1.1

1.2

x (m)

z 
(m

)

Start

Finish

Fig. 7. CameraMotion in the x-z plane. The guidesare spacedat 0.5 s
intervalsandindicatetheopticalaxisof thecamera.

�nal motionmightnot representanexactarcin inertialcoordi-
nates.

During the approach,the cameramovesprimarily towards
the feature,so thecamerameasurementsacquiredduring this
phaseprovide little new information. At the sametime, the
measurementupdate(i.e.,equation20)becomespoorlycondi-
tionedas�̂ i becomessmaller. Therefore,westoptheestimator
at thebeginningof theapproachphaseandcompletethe task
in a blind manner.

VI . EXPERIMENTAL RESULTS

Thissectionpresentsresultsobtainedfrom experimentswith
theK-1607manipulator. Weimplementedtheestimatoraspart
of theclosed-loopcontrolof themanipulatorarm.Theestima-
tor usedcamerameasurementszs of the featureand known
cameramotion (i.e., q andRoc) to estimatethe featureposi-
tion p̂ .

Beforeeachexperiment,theestimatoris resetto anew initial
estimatêp0 of thefeatureposition.Thesystemthenmovesthe
camerathrougha desiredtrajectoryandestimatestheposition
p of thefeature.Thetrajectoryis relativeto thecurrentfeature
estimateandterminatesat a predeterminedoffset to the �nal
featureestimatêp f . If thisestimateis suf�ciently accurate,the
manipulatorsucceedsin pressingthebuttonbesidethefeature.

To simulatechangingconditions,we chosedifferentinitial
camerapositionsq0 for eachexperiment.The initial estimate
of the featurep̂0 wasinitialized at a �x eddistancein front of
thecamera.

Fig. 7 shows a plot of the cameramotion in the x-z plane
for oneexperiment.Althoughthecameraalsomovesin they-
direction,thedesignof thetrajectoryconcentratesmostof the
motionis in thex-z plane.Thecamerastartsat a positionx =
0:0m; y = 0:0m; andz = 1:0m and�nishes by pressingthe
button.Thetaskis setupsuchthatthemanipulatorapproaches
thebuttonalwaysin thepositivex-direction.At thebeginning
of thetask,theonly unknown is thepositionof theLED feature
andthebutton,which arerelatedby a �x edoffset. Theguides
in Fig.7 indicatethepositionof thecameraandtheorientation
of its opticalaxisin 0:5s intervals.

Fig. 8 shows theestimatorresultsfor thesameexperiment.
The estimatoris initialized at x = 0:4m; y = 0:0m; and
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z = 1:0m, which is simply 0:4m in front of thecamera.The
parametersusedfor theestimatorare:

T = 0:1s (22)

P0 =

2

4
0:1 0 0
0 0:1 0
0 0 0:1

3

5 (23)

Q =

2

4
10� 8 0 0

0 10� 8 0
0 0 10� 8

3

5 (24)

R =
�

0:0001 0
0 0:0001

�
(25)

The Q andR matricesareselectedto captureany noiseand
bias errors in the camerameasurementsand robot joint en-
coders,errorsin thekinematicmodelof themanipulator, and
biasesinducedby theestimator.

Theverticalline in Fig. 8 separatestheexploratoryphaseof
the trajectoryfrom theapproachphase.Theestimatoris only
active during the exploratoryphase.The plot alsoshows the
initial and�nal estimatesfor this experiment.

Fig. 9 shows theestimatorresultsfor 12 experiments,each
with different initial conditions. The initial featureestimate

rangesfrom 0:2 to 0:8m in x, � 0:25 to 0:23m in y, and0:75
to 1:34m in z. Table I shows the meanandstandarddevia-
tion of thestateestimatesfor these12 experiments.Therobot
succeededin pressingthebuttonevery time.

TABLE I

MEAN AND STANDARD DEVIATION OF ESTIMATES

standard
mean(m) deviation (m)

p̂x 0.5153 0.0050
p̂y 0.0460 0.0004
p̂z 1.0189 0.0015

VII . CONCLUSIONS

We have proposeda relative position estimatorfor free-
�oating underwater vehicles capable of performing au-
tonomousmanipulationtasks. Suchvehiclesposea unique
sensorrequirement:a robust, 6-DOF, direct estimateof the
relative position betweenthe vehicle and a stationaryvisual
feature.

Wehavede�nedasensorstrategy thatmergesvisionandin-
ertial ratesensors,discussedits key advantages,andidenti�ed
someof thechallengesof implementingthis technique.

In our initial experiments,weuseda �x ed-basemanipulator
with anendpointcamerato demonstratetheuseof vision and
known cameramotionto estimatethepositionof a singlesta-
tionary feature.Thepositionestimateswereusedto closethe
loop on an autonomousmanipulationtaskin which the robot
pressesabuttonidenti�ed by aninfraredLED.

Our future work will focuson four main topics. First, the
estimatorneedsto be expandedto merge inertial rate sensor
measurementsto estimatecameramotion. Someof our work
in this directionhasalreadybeendescribedin [8], wherewe
havepresentedanestimatorfor a two-dimensionalworld. The
next stepis to derivea two-stepestimatorfor thefull 3D prob-
lem. Second,whencameramotionis unknown, thequality of
themodelsthatpredictdisturbancedynamics(e.g.,from ocean
currents)will limit the performanceof the estimator. More
realistic modelingof disturbanceprocesseswill improve the
performanceof anoperationalsystem.Third, wecurrentlyuse
ad hoc trajectoriesto generatesuf�cient sensormotion. The
issueof blendingoptimalmaneuversto improve observability
with theexecutionof usefulmanipulationtasksremainsto be
explored. Finally, we expectto demonstratethe estimatoras
partof anautonomousmanipulationtaskona free-�oatingun-
derwatervehicle.
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