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Abstract

This paperdescribesan imaging systemthat hasbeendesignedto fa-
cilitate robotic tasksof motion. The systemconsistsof a numberof cam-
erasin a network arrangedso that they sampledifferentpartsof the visual
sphere.This geometriccon�guration hasprovableadvantagescomparedto
small �eld of view camerasfor the estimationof the system's own motion
andconsequentlythe estimationof shapemodelsfrom the individual cam-
eras.Thereasonis thatinherentambiguitiesof confusionbetweentranslation
androtationdisappear. Pairs of camerasmay alsobe arrangedin multiple
stereocon�gurationswhichprovideadditionaladvantagesfor segmentation.
Algorithms for the calibrationof the systemandthe 3D motion estimation
areprovided.

1 Intr oduction: Eyes,Control and 3D Motion

What an amazingdisplayit is to watcha bird of prey circling in theair thende-

scendingin a swoopvery accuratelyto the locationof its prey. Or, think abouta

butter�y �uttering betweenthe�o wersin thegarden.Flying creatures– birdsand

insects– have highly developedcapabilitiesof locomotion.They largely owe this

to their vision. Of all thesensorymodalities,vision is theonewhich providesthe

richestinformationaboutthescenegeometry.
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Visionis foundthroughouttheanimalkingdom.MichaelLandprovidesaland-

scapeof eye evolution in [2]. Consideringevolution asa mountain,with thelower

hills representingtheearlierstepsin theevolutionaryladder, andthehighestpeaks

representingthe laterstagesof evolution, thesituationis depictedin Figure1. It

hasbeenestimatedthateyeshaveevolvednofewerthanforty times,independently

in thedifferentspecies.Amongthedifferenteyedesignswe�nd radicallydifferent

principles;�gure 1 shows nine basictypes. Evolutionaryargumentssuggestthat

the designof an eye mustbe relatedto the tasksthat an organismcarriesout. A

successfuleye designfacilitatesthe performanceof visual tasksa systemis con-

fronted with. Taking as an examplecolor vision, trichromaticity only exists in

humans,Old World monkeys andapes;theability to distinguishbetweenredand

greenprobablyco-evolved with treesproducingyellow or orangefruit, as it has

beenfound that it is only certainmonkeys that pick out this fruit from the green

treetops.
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Figure1: Landscapeof eye evolution (from [2]).
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It appearstherearemany interestingquestionsto be asked to gain an under-

standingof the principlesrelating eye designto task performance.Answersto

thesequestionswill shedlight on evolution andthe structureandfunctioningof

thebrain. At thesametime, technologically, they will contribute to thedesignof

new camerassuitedfor particulartasks.Thecamerasusedtodayin automationare

planar, that is, the imageis formedon a plane,usuallywith the sameresolution

throughouta small �eld of view. But clearly this is not thebestdesignfor every

application.Sincetechnologicaladvanceshave madeit possibleto constructinte-

gratedimagingdevicesnot only of the kind that exist in naturebut alsoof many

otherkinds,thereis no reasonto becon�ned to thelimits of aparticulareye. In an

effort to formulatequestionsof suitableeye design,we startedwith studyingthe

principlesfacilitatingrobotictasksof motion- locomotionandmanipulation.

What informationabouttheworld needsto bederivedfrom imagesto accom-

plish thesetasksof motion?Themostcompleteinformationis thescenegeometry.

This includesthesegmentationof thesceneon thebasisof motion(into thestatic

environmentanddifferently moving objects),theestimationof themotionof the

cameraandthedifferentlymoving objectsandtheestimationof thestructure,that

is thedepthof thesceneandtheshapeof objects.Of course,a completerecovery

of thescenegeometryis notnecessaryfor every task.Dependingon thecomplex-

ity of the taskmoreor lessinformationis needed:someservoing tasksmayonly

requirepartialmotionestimates,but elaboratemanipulationswill requireshapees-

timatesof thescene.So,thequestion,what is a goodeye for robotics(navigation

andmanipulation),canbe rephrasedas: How shouldan eye be designedso that

from the video collectedby the eye we can bestestimate(most accurately)the

scenegeometry?
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Thestandardtaxonomyclassi�esvisualroboticsystemsaccordingto two cri-

teria[9]. First,dependingonwhetherthereis asequentialapplicationof visionand

joint controlor whethervision is usedin thefeedbackloop of thecontrolonedis-

tinguishesbetweenthedynamiclook andmovesystemsasopposedto the(direct)

visualservoingsystems.Theseconddistinctionis betweenpositionbasedandim-

age basedcontrol. In the former, thesystemusingvision explicitly estimatesthe

geometryof thetargetwith respectto aworld coordinatesystem.Feedbackis com-

putedby reducingthe error in the estimatedgeometry. For example,the camera

maybeattachedto thetherobot's endeffector(eye-in-handcon�guration)andthe

taskis to estimatetheposeof thetargetrelative to thecamerawhich is moving. In

the latter, controlvaluesarecomputedon thebasisof imagefeaturesdirectly [3],

andthiswaycalibration,which is aseriousproblemfor positionbasedapproaches

maybeavoided. Thegoal is de�ned astheimagehaving to look a particularway

[6] andthevisualservo controllerhasto move themanipulatorjointssuchthatthe

imageson thecameraconvergetowardthegoalcon�guration.

Regardlessof theapproachoneadoptsin visual control, theessentialaspects

of theproblemamountto therecoveryof therelationshipbetweendifferentcoordi-

natesystems(suchastheonesbetweencamera,gripper, robot'sbase,scene,target,

etc.) This couldbe the relationshipitself or a representationof thechangeof the

relationship,that is, the3D motion. Becauseof the many dif�culties, roboticists

havemostlysimpli�ed thevisionpartin theirsystemsusingtargetsof known struc-

ture.However, in orderto makesystemsmore�e xible, it will benecessaryto solve

thisproblemfor unknown structure.It is clearthatthefuturewill bringmany more

advancedvisual control problems. Researchersrecentlyhave startedto engage

in designingdistributedrobotic systems,whereeachrobotwould needto extract
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structureandmotioninformationfrom unknown environments.Advancedrobotic

systemswill move autonomously. Thus,�rst of all, they needto be equippedto

solve themostbasiscompetencein navigation, theestimationof 3d motion from

imagesequences.Inspiredby biology, wehave askedwhethertheproblemof mo-

tion recoverywill befacilitatedby usingcamerasthatarelike theeyesof birdsand

insects,thatis eyesthathave avery large�eld of view. And wefoundit does.The

reasonis that the computationsinvolved in decodingthe 3D motion parameters

from the 2D imagemeasurementsareunstablein the caseof small �eld of view

planarcamera-typeeyesandbecomestablefor sphericalones.This will next be

explainedin moredetail.

2 Ambiguities due to the Field of View

Thestandardcamerafor our purposesis describedby thepinholemodel; images

areformedby centralprojectionon a plane(Figure2a). Thefocal lengthis � and

thecoordinatesystem�����	� is attachedto thecamera,with � beingtheoptical

axis,perpendicularto the imageplane. Scenepoints 
 areprojectedonto image

points � , where �
� ���

��� ���

with ��� a unit vectorin thedirectionof theZ axisand


������ thedepthof 
 .

Thecameramovesin a staticenvironment,andits motionis describedby the

instantaneoustranslationalvelocity � and the rotationalvelocity � . The image

motion,thatis, theprojectionof themotionof scenepointsamountsto
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Figure 2: Imageformationon the plane(a) andon the sphere(b). The system
moveswith a rigid motionwith translationalvelocity � androtationalvelocity � .
Scenepoints 
 projectontoimagepoints � andthe3D velocity

�


 of ascenepoint
projectsontotheimageasimagevelocity

�

� .

As equation(1) shows, the motion �eld is the sumof two components,the �rst

onedueto translationandthe structureof the scene,andthe secondonedueto

rotationonly. Sincethe translationalcomponentis a ratio of � and � , thereis a

scalingfactorthatcannotberecovered,soonly thedirectionof translationcanbe

computed.3D motionestimationis therecovery of thetwo translationalandthree

rotationalparameters.

Theimagemotionitself cannotbeobservedfrom images,but only thechange

of imagepatterns.Localimagemeasurementsprovideinformationaboutthemove-

mentperpendicularto edges,theso-callednormal�o w whichis estimatedfrom the

imagederivatives. In orderto computethe optical �o w �eld, which servesasan

approximationto the imagemotion �eld, normal�o w measurementsin different

directionsin spatialneighborhoodsneedto be combined.To do so oneneedsto

make assumptionsabouttheoptical�o w which in essenceamountto assumptions
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aboutthescenein view; usuallythe�o w is modeledasvaryingsmoothly.

Many techniqueshavebeenproposedfor �nding 3D motion,but thereareonly

two fundamentallydifferentconstraints.Most techniquesrequireasinput optical

�o w and arebasedon minimizing deviation from the epipolar constraint. This

constraintstatesthat for thecorrectrigid motion, the rayspassingthroughcorre-

spondingpoints in consecutive framesmust intersect;in the caseof continuous

motionit takestheform
$

�5&6�*)7�

$

�

�8,9�:&6�;)<�>= . A smallnumberof techniques,

oftencalleddirectapproaches,relatethenormal�o w, thatis, theimagederivatives,

directly to the3D motionparameters.Theconstraintusedin thiscaseis theoneof

depthpositivity. Not makingany assumptionsaboutthescenein view, it canonly

besupposedthatthescenehasto lie in front of thecamera,i.e.,havepositivedepth

values.Algorithmsimplementingthisconstraint,search(in appropriatesubspaces)

for the3D motionwhichyieldsthesmallestnumberof negative depthvalues.

Accuratelyestimating3D motionparametersusingconventionalsmall�eld of

view camerasturnedout to bea very dif�cult problem. Themain reasonfor this

hasto dowith theapparentconfusionbetweentranslationandrotationin theimage

motion.This is easyto understandatanintuitive level. If we look straightaheadat

ashallow scene,whetherwerotatearoundourverticalaxisor translatehorizontally

parallel to the scene,the motion �eld or the correspondenceat the centerof the

imageareverysimilar in thetwo cases.Thus,for example,translationalongthe ?

axis is confusedwith rotationaroundthe @ axis. Thebasicunderstandingof these

dif�culties hasattractedfew investigatorsover theyears[1].

Having in mind thedesignof anoptimalsensor, we areinterestedin how the

stability of theestimationof motionchangeswith the �eld of view. In particular,

we comparedthe planarsmall �eld of view camerawith a sphericalcamera[4].
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Theimageformationonasphericalimagingsurfaceis illustratedin Figure2b.

Sincemotionestimationamountsto solvingsomeminimizationproblem,we

analyzedtheminimizationfunctionscorrespondingto thedifferentconstraintsde-

scribedabove. To bemoreprecise,we performeda geometricstatisticalanalysis

[4]; we comparedthe expectedvalueof the differentfunctionsparameterizedby

themotionparameters.Thetopographicstructureof thesurfacesde�ned by these

functions,in particularthe topographyat the locationsof theminima,de�nes the

behavior of themotionestimation.

We foundthat3D motionestimationis muchbetterbehaved for cameraswith

full �eld of view – sphericalcameras– thanfor small�eld of view planarcameras

(a) (b)

Figure3: Schematicillustration of error function in the spaceof the directionof
translation.(a)A valley for a planarsurfacewith limited �eld of view. (b) Clearly
de�ned minimumfor aspherical�eld of view.

Thereasonis that for imagingsurfaceswith a small �eld of view theminima

of theerrorfunctionslie in avalley. Thisis acausefor inherentinstabilitybecause,

in arealsituation,any pointonthatvalley or �at areacouldserveastheminimum,

thus introducingerrorsin the computation(seeFig. 3a). For imaging surfaces

with a large �eld of view, on the other hand,the functionshave a well de�ned

minimum,asshown in Fig. 3b,andthusthereis no ambiguityin thesolution.The

valleys shrinkto wells.
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To givesomegeometricintuition, let ustake a look ateq. (1). For asmall�eld

of view, vectors� vary little andarecloseto �A� . If thereis little depthvariationa

translationalerror �CB canbecompensatedby a rotationalerror �DB wheretheerrors

have therelationship
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That is, theprojectionsof the translationalandthe rotationalerrorson the image

planeareperpendicular. We call this theorthogonality constraint. If we increase

the �eld of view andtake on a large rangeof values—allvaluesin the caseof a

sphere—theconfusiondisappears.

Thereis anotherambiguity. Again assuming� to beapproximatedby �
� , we

seefrom thetranslational�o w componentin (1) thatthecomponentof � parallelto

�
� doesnot factorinto theequation.Thusthiscomponentis verydif�cult to obtain

from a small �eld of view. We call this the line constraint becausetheprojection

of the actual � andthe estimatedtranslation I�J�K�L,M�NB5�O�P,RQS�
� lie on a line

throughtheimagecenter. Againanincreasein the�eld of view will eliminatethis

ambiguity.

Theanalysistellsusthatwhateverconstraintweuseto derive3D motion,for a

small�eld of view theestimationsareunstable.Themostlikely errorcon�guration

follows theperpendicularityandtheline constraint.

The proofsdescribedareof a statisticalnature. Nevertheless,we found ex-

perimentallythat therewerevalleys in the function minimizedfor any indoor or

outdoorsequencewe workedon. Oftenwe foundthevalley to beratherwide,but

in many casesit wasclosein positionto thepredictedone.
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3 Moti vation for a NewEye

Inspiredby the theoretical�ndings we setout to build a new camerasystemthat

gives a spherical�eld of view. This system,which we call the Argus eye, is a

construction,similar to a compoundeye, consistingof multiple cameraspointing

outward. The�rst versionconsistedof six camerasanda newer oneof ninecam-

erasmountedon theedgesanddiagonalsof a polyhedronis shown in Figure4a.

For thenearfutureweplananimplementationin thesizeof atennisball usingCCD

imagesensorchipsets,embeddedDSDpower, integratedsphericalimagememory

andhigh-speedinterfaceto aPC(Figure4b). Thearguseyecouldalsoberealized,

notasaseparatestructure,but by connectingin anetwork multiplecameraswhich

aremountedrigidly on a robot(Figure4c).

(a) (b) (c)

Figure4: (a) The nine-cameraArguseye attachedto a woodenoctahedron.(b)
Possibleappearanceof a highly integratedtennisball sizedArgus eye. (c) An
Arguseyeconsistingof camerasattachedrigidly to a robot.

Clearly, if theonly functionof this cameraweremotionestimation,onecould

thinkof numerousalternative implementationstoobtainpanoramicvideo.Ideasin-

volving �sh lensesandcatadioptricmirrors[8, 7] to projectwide-anglepanoramas

ontoa singlesensorare�rst to cometo mind. Our goal,however, wasmanifold.
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Wewantedacamerathatin generalfacilitatestheestimationof thespace-timege-

ometry. We wanteda camerathat facilitatesthe visual roboticsapplicationsthat

will beaddressedtomorrow. Sucha systemhasto beappropriatealsofor theesti-

mationof structureandfor thesegmentationof thescene.After the3D motionis

recovered,structurecanbeobtainedusingthe3D motionestimatesandtheimage

�o w or correspondence.Catadioptricsensorswarpthepanoramic�eld to projectit

ontooneor two planarsensorsandthussuffer reducedspatialresolution(aslarge

anglesaresqueezedontoa limited numberof pixels),makingit dif�cult to recover

structureandshapemodels.Also, thesignalprocessing(thatwe needto compute

well the imagemotion) is dif�cult for imagingsurfacesother than the planeor

sphereandhasnotbeensolvedyet.

Anotheradvantageof the Arguseye is that someof the camerasmay be ar-

rangedwith overlapping�elds of view (asin thecompoundeyesof insects).The

overlappingcamerasarestereosystemsfrom which onecanobtaindepthinfor-

mation. Even if it is hard to obtain very accuratestructurefrom stereo—rough

estimatesallow usto detectdiscontinuitiesin thedepthfunction,andthis informa-

tion greatlyfacilitatesthesegmentationinto differentlymoving objects.

The next sectionshows how we calibratedthe Arguseye andthe subsequent

sectiondescribeshow 3D motionwasestimated—welimit thediscussionto thesix

camerasystem.

4 Calibration

Calibrationof theArguseyeinvolvestheinternalcalibrationof theindividualcam-

eras,that is, the estimationof the intrinsic calibrationparameters(imagecenter,
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focal lengthandskewing of imageplane)andthe radialdistortion,aswell asthe

rigid transformationbetweenthe cameras(extrinsic calibration). Ordinarystereo

calibrationmethodswill notwork if thecameras'�elds of view don't overlap.Me-

chanicalcalibrationis dif�cult andexpensive, so we would like to usean image

basedmethod. We could constructa preciselymeasuredcalibrationgrid which

surroundstheArguseye,andthenusestandardcalibrationmethods.However, this

methodis dif�cult andexpensive.

A moreef�cient approachis to placeadditionalcamerasaroundtheArguseye

pointinginwardsin suchawaythattheconesof view of thecamerasintersectwith

eachotherandwith thoseof theArguseye. Thosecameras,properlycalibrated,

allow us to calibratethe Arguseye usingan LED asa correspondingpoint. We

usethis methodfor translationalcalibration,but usea new methodbasedon line

correspondencefor rotationalcalibration.

Lineshavenotbeenusedextensively beforein thecalibrationof cameras;usu-

ally themathematicaltoolsin computervisionarebasedon points.Wewould like

to uselinesbecausethey extendovernon-overlapping�elds of view, whichmakes

themsimpleobjectsthat canbe usedfor theArguseye. An additionalbene�t of

lines over otherobjectsis that they areeasierto locatewith sub-pixel accuracy,

thusallowing our calibrationto be muchmoreaccuratethana methodbasedon

spheresor LEDs. Thereis anequationwhich constrainsjust therotationof three

camerasbasedon correspondinglineswhich is perfectfor our purposes,sincewe

have multiple cameras.We give an intuitive descriptionof this constraintin the

next section.
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4.1 Calibration constraints

Therearemany techniquesfor thecalibrationof theinternalparametersof individ-

ual cameras.We usethoseprior to everythingelseso we needonly worry about

theexternalcalibrationparameters,i.e. rotationandtranslationbetweencameras.

Therotationis easyto �nd, basedontheobservationthatparallel linesserveto

constrainit. Considerasin �gure 5 threeparallellinesonaprismin space,andthe

threeedgesprojectedto threedifferentcameras.The representationof the image

linesarethevectorsT�U , whichareperpendicularto theplanesthroughtheimaging

centerandtheedgesof theprism,andthusthey mustbecoplanar.

Let theprojectionmatrices(describingthetransformationfrom scenepointsto

imagepoints)be V

U
�>
XW

U
Y Z

U\[
�^]

U`_
(2)

where]
U
is thepositionof thecamerawith respectto acoordinatesystemattached

to thecenterof theArguseye and 

U is therotationof thecamera.An imageline

T
U

in the �ducial coordinatesystemis measuredas I

T
U

in thecoordinatesystemof

the camera, where T
U

�.

U

I

T
U . Thus,we obtainthe following constrainton the

triple productof theimagelines,whichwecall theprismaticline constraint [5]:

[

2a

I

TAab
dc

I

T%c�

e

I

T%e
[

�>= (3)

Thisopensupawealthof possibilitiesfor calibrationobjects.First,wecanuse

theocclusionboundariesof cylinders,sinceall occlusionboundarieson acylinder

areparallel. Second,if we placetwo cylinderson oppositesidesof a square(as

in Figure6), thenwe canput the objectaround the Arguseye, so that we may
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Figure5: Lines TSa , T;c , and T%e mustbecoplanar

rotationallycalibrateall the camerastogether, for greateraccuracy. Thus, if our

camerasare positionedin sucha way that thereareno world lines which three

camerassee,we maystill rotationallycalibrateif we have parallellinesvisible in

threecameras.

Figure6: Calibrationframeto rotationallycalibratecameraswith non-intersecting
�elds of view.

Next we have to obtaintranslationalcalibration,thatis, computethepositions
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of thecameracenterswith respectto eachother. Sincewealreadyhavetheinternal

calibrationandrotations,we may usea greatlysimpli�ed versionof the trilinear

constraint[10] on correspondinglines in multiple cameras.This constraintsays

thatthedepthof a line reconstructedfrom two views mustprojectto theright spot

in a third view. We may form a linear systembasedon this observation which

yieldsaccuratetranslationalcalibrationfor theArguseye.

4.2 Calibration Procedure

First, we radially and internally calibratethe cameras.Second,we rotationally

calibratethe camerasusing the above constraintson parallel lines and a square

framewith two blackpolesmeasuredto beparallelasin Figure6. Wemaydo this

stepasalargenonlinearoptimizationover thehomogeneousRodriguesparameters

of therotationmatrices.We have foundthis methodto converge well. Third, we

estimatethetranslationbetweenthecameras.

Sincewedonothavesuf�cient �eld of view coveragewith only six camerasto

usea singleline for the �nal calibrationstep,we insteadcalibratewith theArgus

camerasandsomeadditionalcamerassurroundingandpointinginwards.With the

externalcameras,wecanguaranteethatthreecameraswill seethelines,sothatthe

trilinear constraintmaybeused.Notethatthis is only necessarybecausewe have

only usedsix cameras.In otherversionsof theArguseye with morecameras,the

additionalcameraswill notbenecessary.
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5 3D Motion Estimation

5.1 The Problem

Considera calibratedArguseye moving in an unrestrictedmannerin space,col-

lectingsynchronizedvideofrom eachof thevideocameras.Wewould like to �nd

the3D motionof thewholesystem.Giventhatmotionandthecalibration,wecan

thendeterminethe motion of eachindividual cameraso that we canalsorecon-

structshape.Beforegoing into thedetailsof thealgorithmlet usgive a pictorial

motivationfor ourcamerasystem.

An importantaspectof the resultsregardingtheambiguityin motionestima-

tion for small �elds of view is that they arealgorithmindependent.Simply put,

whatever theobjective functiononeminimizes,theminimawill lie alongvalleys.

Thedatais not suf�cient to disambiguatefurther. Let us look at picturesof these

ambiguities.Video1 [11] givesaschematicdescriptionof whatthesystemis imag-

ing. We estimatedthe 3D motion independentlyin eachof the six sequenceson

thecamerasof theArguseye. For every directionof translationwe foundthecor-

respondingbestrotationwhich minimizesdeviation from theepipolarconstraint.

Figure7a shows (on the sphereof possibletranslations)the residualsgray-value

coded. Noting that the light areasareall the pointswithin a small percentageof

theminimum,we canseethevalley which clearlydemonstratetheambiguitythe-

oreticallyshown in theproofs.Our translationcouldbeanywherein thelight area.

We next show how to usethe imagesfrom all thecamerasin orderto resolve

theseambiguities.
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(a) (b) (c)

Figure7: Deviationof theepipolarconstraintsfrom zerowith light regionshaving
smallanddarkhaving largeresiduals.(a) is deviationwith variable“best” rotation
for eachtranslationin onecamera.(b) is deviation with �x ed bestrotationover
all translationsin onecamera.(c) is deviation of entire systemover translational
directions.

5.2 Combining the Estimatesfr om Indi vidual Cameras

Thesix camerasof theArguseyedon't havethesameimagingcenter. Thiscompli-

catesthe3D motionestimationof thesystem,but it alsobringsadvantages.Since

we know the distancesbetweenthe cameracenters,we have metric information,

andthuswe canestimatealsotheamountof translationalvelocity. If thedistances

aresigni�cant, this estimatewill be accurate,andin the sequencewe canobtain

metricdepth.

Usingtheprojectionde�ned in 2, a rigid motion �%f+� in thecoordinatesystem

of theArguseye correspondsin thecoordinatesystemsof the individual cameras

to a translation

�
U

�>

U

$

�8,g�1&J]
U

) (4)

anda rotation

�
U

�>

U

� (5)
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It is easyto estimatetherotationif thetranslationis known, evenfor cameras

with limited �elds of view. This fact is exploited in the algorithm,which works

asfollows. We performtherigid motionestimationfor every cameraindividually

usinga techniquewhich searchesin thespaceof translationaldirections.For each

camerawe obtaina setof translationswith error closeto theminimum. To each

translationweestimatethebestrotation.Givena2D manifoldof candidatetransla-

tions(theoneswith low error),wehavea2D manifoldof candidaterotations(there

usuallyis noerrorin theestimationof therotationalcomponentaroundthez-axis),

which we canmultiply by 


W

U

, to obtaina 2D manifoldof rotationalestimatesin

the �ducial coordinatesystem.We canthen�nd their intersection,which in gen-

eralis asinglepoint. Video2 [11] shows thesemanifoldsgrowing andintersecting

asrotationalcandidatesin thevalley areadded,in orderof increasingerror.

This video con�rms two basic tenetsof this work. First, it shows that the

motionestimatesof lowesterrorin individual camerasarenot thecorrectmotions,

sinceif they were,the lowesterrorpointswould be coincidentin rotationspace.

Thus even thoughwe are using state-of-the-artalgorithms,it is not possibleto

extract the correctmotion from a singlecamerawith limited �eld of view, as is

shown in the proof. Second,the video shows that if we look at all the motion

candidatesof low error, thecorrectmotionis in thatset,shown by theintersection

of thesix manifoldsatasinglepoint.

That the manifoldsintersectso closelyshows we can �nd the rotationwell.

Giventhisaccuraterotation,thetranslationalambiguityin eachcamerais con�ned

to a very thin valley, shown in Figure7b. Finally we have to intersectthe trans-

lations representedby thesevalleys, to �nd the complete3D translation. Since

motiononly allowsusto estimatethedirectionof translationin theindividualcam-
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eras,we obtainfrom equation(4) for every candidatetranslationa line constraint.

Theintersectionof all theconstraintsfor thecandidatetranslationsin thesix cam-

erasprovidesthe3D translationof thesystem.In Figure7c weseethelocationof

the low error translationsin a sphericalslice of 3D translationspace.Notice the

well-de�ned minimum, indicatingthat thedirectionof the translationobtainedis

notambiguous.

6 Conclusions

This work is basedon theoreticalresultsthatestablishedtherobustnessof 3D mo-

tion estimationasa functionof the�eld of view. We built a new imagingsystem,

calledtheArguseye,consistingof a numberof high-resolutioncamerassampling

a partof theplenopticfunction. We calibratedthesystemanddevelopedanalgo-

rithm for recoveringthesystem's3Dmotionbyprocessingall synchronizedvideos.

Oursolutionprovidesremarkablyaccurateresultsthatcanbeusedin many robotics

applicationswhich involve motionandstructureestimation.
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