TheArgusEye: A New Tool for Robotics

Patrick Baker, Abhijit S.OgaleandCorneliaFermiller
Centerfor AutomationResearch
Institutefor AdvancedComputerStudies
University of Maryland
CollegePark, MD 20742-3275USA
pbaler,ogale,fer @cfarumd.edu

Abstract

This paperdescribesan imaging systemthat hasbeendesignedto fa-
cilitate robotic tasksof motion. The systemconsistsof a humberof cam-
erasin a network arrangedso thatthey sampledifferentpartsof the visual
sphere.This geometriccon guration hasprovableadvantagesomparedo
small eld of view camerador the estimationof the systems own motion
and consequentlthe estimationof shapemodelsfrom the individual cam-
eras.Thereasoris thatinherentambiguitiesof confusiorbetweertranslation
androtation disappear Pairs of cameragnay alsobe arrangedn multiple
stereocon gurationswhich provide additionaladvantagedor sggmentation.
Algorithms for the calibrationof the systemandthe 3D motion estimation
areprovided.

1 Intr oduction: Eyes,Control and 3D Motion

Whatan amazingdisplayit is to watcha bird of prey circling in the air thende-
scendingn a swoop very accuratelyto the locationof its prey. Or, think abouta
butter y uttering betweerthe o wersin thegarden.Flying creatures- birdsand
insects— have highly developedcapabilitiesof locomotion. They largely owe this
to their vision. Of all the sensorymodalities,vision is the onewhich providesthe

richestinformationaboutthe scenegeometry



Visionis foundthroughoutheanimalkingdom.MichaelLandprovidesaland-
scapeof eye evolutionin [2]. Consideringevolution asa mountainwith thelower
hills representinghe earlierstepsin theevolutionaryladder andthehighestpeaks
representinghe later stagesof evolution, the situationis depictedin Figurel. It
hasbeenrestimatedhateyeshave evolvednofewerthanforty times,independently
in thedifferentspeciesAmongthedifferenteye designsve nd radicallydifferent
principles; gure 1 shaws nine basictypes. Evolutionaryagumentssuggesthat
the designof an eye mustbe relatedto the tasksthat an organismcarriesout. A
successfubye designfacilitatesthe performanceof visual tasksa systemis con-
fronted with. Taking as an example color vision, trichromaticity only exists in
humansQOld World monkeys andapesithe ability to distinguishbetweerred and
greenprobablyco-esolved with treesproducingyellow or orangefruit, asit has
beenfoundthatit is only certainmonkeys that pick out this fruit from the green
treetops.
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Figurel: Landscap®f eye evolution (from [2]).




It appeardhereare mary interestingquestiongo be aslked to gainan under
standingof the principlesrelating eye designto task performance. Answersto
thesequestionswill shedlight on evolution andthe structureand functioning of
the brain. At the sametime, technologicallythey will contritute to the designof
new camerasuitedfor particulartasks.The camerasisedtodayin automatiorare
planar thatis, theimageis formedon a plane,usuallywith the sameresolution
throughouta small eld of view. But clearlythis is not the bestdesignfor every
application.Sincetechnologicahdwanceshave madeit possibleto constructnte-
gratedimagingdevicesnot only of the kind that exist in naturebut alsoof mary
otherkinds,thereis noreasorto becon ned to thelimits of a particulareye. In an
effort to formulatequestionsof suitableeye design,we startedwith studyingthe
principlesfacilitatingrobotictasksof motion- locomotionandmanipulation.

Whatinformationaboutthe world needgo be derived from imagesto accom-
plishtheseasksof motion? Themostcompletanformationis thescenegeometry
This includesthe segmentatiorof the sceneon the basisof motion (into the static
environmentanddifferently moving objects),the estimationof the motion of the
cameraandthe differently moving objectsandthe estimationof the structure that
is the depthof the sceneandthe shapeof objects.Of coursea completerecovery
of the scenegeometryis not necessaryor every task. Dependingon the comple-
ity of thetaskmoreor lessinformationis needed:somesenoing tasksmay only
requirepartialmotionestimatesbut elaboratananipulationaill requireshapess-
timatesof the scene.So,the questionwhatis a goodeye for robotics(navigation
and manipulation),canbe rephraseds: How shouldan eye be designedso that
from the video collectedby the eye we can bestestimate(mostaccurately)the

scenegeometry?



The standardaxonomyclassi esvisualrobotic systemsaccordingto two cri-
teria[9]. First,dependingpnwhetherthereis asequentiaapplicationof visionand
joint control or whethervisionis usedin the feedbacKoop of the controlonedis-
tinguisheshetweerthe dynamiclook and move systemsasopposedo the (direct)
visualservoingsystemsThesecondlistinctionis betweerpositionbasedandim-
age basedcontrol. In the former, the systemusingvision explicitly estimateghe
geometryof thetargetwith respecto aworld coordinatesystem Feedbacks com-
putedby reducingthe errorin the estimatedyeometry For example,the camera
may be attachedo thetherobot's endeffector(eye-in-handcon guration) andthe
taskis to estimatethe poseof thetargetrelative to the cameravhichis moving. In
thelatter controlvaluesarecomputedon the basisof imagefeaturesdirectly [3],
andthisway calibration,whichis aseriougproblemfor positionbasedapproaches
may be avoided. The goalis de ned astheimagehaving to look a particularway
[6] andthevisualseno controllerhasto move the manipulatojjoints suchthatthe
imagesonthe cameraconverge towardthegoalcon guration.

Regardlesof the approactoneadoptsin visual control, the essentiabspects
of theproblemamountto therecovery of therelationshipbetweerdifferentcoordi-
natesystemgsuchasthe onesbetweercameragripper robot's base scenetamet,
etc.) This could be the relationshipitself or a representationf the changeof the
relationship thatis, the 3D motion. Becauseof the mary dif culties, roboticists
have mostlysimpli ed thevision partin their systemsausingtargetsof known struc-
ture. However, in orderto make systemsnore e xible, it will benecessarjo solve
this problemfor unknawn structure.lt is clearthatthefuturewill bringmary more
advancedvisual control problems. Researchersecently have startedto engage

in designingdistributed robotic systemswhereeachrobot would needto extract



structureandmotioninformationfrom unknavn ervironments.Advancedrobotic
systemsawill move autonomously Thus, rst of all, they needto be equippedo
solve the mostbasiscompetencén navigation, the estimationof 3d motion from
imagesequencednspiredby biology, we have asledwhetherthe problemof mo-
tion recovery will befacilitatedby usingcameraghatarelik e the eyesof birdsand
insectsthatis eyesthathave averylarge eld of view. And we foundit does.The
reasonis that the computationgnvolved in decodingthe 3D motion parameters
from the 2D imagemeasurementare unstablein the caseof small eld of view
planarcamera-typesyesandbecomestablefor sphericalones. This will next be

explainedin moredetail.

2 Ambiguities dueto the Field of View

The standardcamerafor our purposess describedy the pinholemodel;images
areformedby centralprojectionon a plane(Figure2a). Thefocal lengthis and
the coordinatesystem is attachedo thecamerawith  beingthe optical
axis, perpendiculato the imageplane. Scenepoints  areprojectedontoimage
points , where —— with  aunit vectorin the directionof the Z axisand
the depthof

The cameramovesin a staticervironment,andits motionis describedy the

instantaneousranslationalvelocity andthe rotationalvelocity . The image

motion, thatis, the projectionof the motionof scengpointsamountgo

— - )
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Figure 2: Imageformationon the plane(a) and on the sphere(b). The system
moveswith arigid motionwith translationalelocity androtationalvelocity
Scengroints  projectontoimagepoints andthe3D velocity of ascengooint
projectsontotheimageasimagevelocity .

As equation(1) shavs, the motion eld is the sum of two componentsthe rst
onedueto translationandthe structureof the scene,andthe secondone dueto
rotationonly. Sincethe translationakcomponenis aratioof and , thereis a
scalingfactorthat cannotbe recorered,soonly the directionof translationcanbe
computed.3D motionestimationis therecovery of thetwo translationabndthree
rotationalparameters.

Theimagemotionitself cannotbe obsered from images put only the change
of imagepatternsLocalimagemeasuremenizovide informationaboutthemaove-
mentperpendiculato edgestheso-callechormal o w whichis estimatedrom the
imagederiatives. In orderto computethe optical ow eld, which senesasan
approximationto the imagemotion eld, normal o w measurements different
directionsin spatialneighborhoodsieedto be combined. To do so oneneedsto

make assumptionaboutthe optical o w whichin essencemountto assumptions



aboutthescendn view; usuallythe o w is modeledasvaryingsmoothly

Many techniquediave beenproposedor nding 3D motion,but thereareonly
two fundamentallydifferentconstraints.Most techniquesequireasinput optical

o w and are basedon minimizing deviation from the epipolar constaint. This

constraintstatesthat for the correctrigid motion, the rayspassinghroughcorre-
spondingpointsin consecutie framesmustintersect;in the caseof continuous
motionit takestheform . A smallnumberof techniques,
oftencalleddirectapproachesglatethenormal o w, thatis, theimagedervatives,
directly to the 3D motionparametersThe constraintusedin this caseis theoneof
depthpositivity Not makingary assumptiongboutthe scenen view, it canonly
besupposedhatthescenéhasto lie in front of thecameraj.e., have positve depth
values.Algorithmsimplementinghis constraintsearchin appropriatesubspaces)
for the 3D motionwhich yieldsthe smallesihumberof negative depthvalues.

Accuratelyestimating3D motion parametersisingcornventionalsmall eld of
view cameragurnedoutto be a very dif cult problem. The mainreasorfor this
hasto dowith theapparentonfusionbetweertranslatiorandrotationin theimage
motion. Thisis easyto understana@tanintuitive level. If we look straightaheadat
ashallav scenewhethemwe rotatearoundourverticalaxisor translatehorizontally
parallelto the scenethe motion eld or the correspondencat the centerof the
imagearevery similarin thetwo casesThus,for example translationalongthe
axisis confusedwith rotationaroundthe axis. The basicunderstandingf these
dif culties hasattractedew investigatorsovertheyearg[1].

Having in mind the designof an optimal sensorwe areinterestedn how the
stability of the estimationof motion changeswith the eld of view. In particular

we comparedhe planarsmall eld of view camerawith a sphericalcamerg4].



Theimageformationon asphericaimagingsurfaceis illustratedin Figure2h.

Sincemotion estimationamountsto solving someminimizationproblem,we
analyzedhe minimizationfunctionscorrespondingo thedifferentconstraintgle-
scribedabore. To be more precise we performeda geometricstatisticalanalysis
[4]; we comparedhe expectedvalue of the differentfunctionsparameterizedy
the motion parametersThetopographicstructureof the surfacesde ned by these
functions,in particularthe topographyat the locationsof the minima, de nesthe
behaior of themotionestimation.

We foundthat3D motion estimationis muchbetterbehaed for camerasvith

full eld of view —sphericaktameras-thanfor small eld of view planarcameras

(b)

Figure3: Schematidllustration of errorfunctionin the spaceof the directionof
translation.(a) A valley for a planarsurfacewith limited eld of view. (b) Clearly
de ned minimumfor asphericaleld of view.

Thereasoris thatfor imagingsuriaceswith asmall eld of view the minima
of theerrorfunctionslie in avalley. Thisis acausdor inherentinstability because,
in arealsituation,ary pointonthatvalley or at areacouldsene asthe minimum,
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,asshavn in Fig. 3b,andthusthereis no ambiguityin the solution. The

valleys shrinkto wells.



To give somegeometridntuition, let ustake alook ateq. (1). For asmall eld
of view, vectors vary little andarecloseto . If thereis little depthvariationa
translationakrror canbecompensatebly arotationalerror ~ wheretheerrors

have therelationship

Thatis, the projectionsof the translationalndthe rotationalerrorson the image
planeare perpendicularWe call this the orthogonality constaint. If we increase
the eld of view andtake on a large rangeof values—allvaluesin the caseof a
sphere—theonfusiondisappears.

Thereis anotherambiguity Againassuming to beapproximatedy , we
seefrom thetranslationalo w componenin (1) thatthecomponenof parallelto

doesnotfactorinto theequation.Thusthis components very dif cult to obtain
from asmall eld of view. We call this the line constaint becausdhe projection
of theactual andthe estimatedranslation lie onaline
throughtheimagecenter Again anincreasean the eld of view will eliminatethis
ambiguity

Theanalysigells usthatwhatever constraintwe useto derive 3D motion,for a
small eld of view theestimation@reunstable Themostlikely errorcon guration
follows the perpendicularityandtheline constraint.

The proofs describedare of a statisticalnature. Neverthelesswe found ex-
perimentallythat therewerevalleys in the function minimizedfor ary indoor or
outdoorsequencave worked on. Oftenwe foundthe valley to beratherwide, but

in mary casest wasclosein positionto the predictedone.



3 Motivation for a New Eye

Inspiredby the theoretical ndings we setout to build a nev camerasystemthat
gives a spherical eld of view. This system,which we call the Arguseye, is a
constructionsimilar to a compoundeye, consistingof multiple cameragointing
outward. The rst versionconsistedf six camerasanda newer oneof ninecam-
erasmountedon the edgesand diagonalsof a polyhedronis shavn in Figure4a.
Forthenearfuturewe plananimplementatiorin thesizeof atennisball usingCCD
imagesensoichipsetsembeddedSD power, integratedsphericaimagememory
andhigh-speednterfaceto a PC(Figure4b). Thearguseye couldalsoberealized,
notasaseparatstructure put by connectingn a network multiple camerasvhich

aremountedrigidly onarobot(Figure4c).

(@) (b) ()

Figure4: (a) The nine-camerargus eye attachedo a woodenoctahedron.(b)
Possibleappearancef a highly integratedtennisball sized Arguseye. (c) An
Arguseye consistingof camerasttachedigidly to arobot.

Clearly, if theonly functionof this cameraveremotion estimationonecould
think of numerouslternatve implementation$o obtainpanoramiwideo. Ideasn-
volving sh lensesandcatadioptriamirrors[8, 7] to projectwide-anglepanoramas

ontoa singlesensorare rst to cometo mind. Our goal, hovever, was manifold.
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We wanteda camerahatin generafacilitatesthe estimatiornof the space-timeye-
ometry We wanteda camerathat facilitatesthe visual roboticsapplicationsthat
will beaddressetbmorrav. Sucha systemhasto be appropriatealsofor the esti-
mationof structureandfor the segmentationof the scene. After the 3D motionis

recovered,structurecanbe obtainedusingthe 3D motionestimatesandtheimage
0 W or correspondenceCatadioptricsensorsvarpthepanoramiceld to projectit

ontooneor two planarsensorandthussufer reducedspatialresolution(aslarge

anglesaresqueezedntoalimited numberof pixels),makingit dif cult torecover

structureandshapemodels.Also, the signalprocessindthatwe needto compute
well the imagemotion) is dif cult for imaging surfacesotherthanthe planeor

sphereandhasnotbeensolvedyet.

Anotheradwantageof the Arguseye is that someof the camerasnay be ar
rangedwith overlapping elds of view (asin the compoundeyesof insects).The
overlappingcamerasare stereosystemsfrom which one can obtain depthinfor-
mation. Evenif it is hardto obtain very accuratestructurefrom stereo—rough
estimatesllow usto detectdiscontinuitiesn thedepthfunction,andthisinforma-
tion greatlyfacilitatesthe segmentatiorinto differentlymoving objects.

The next sectionshavs how we calibratedthe Arguseye andthe subsequent
sectiondescribefionv 3D motionwasestimated—wdédimit thediscussiorio thesix

camerasystem.

4 Calibration

Calibrationof the Arguseye involvestheinternalcalibrationof theindividual cam-

eras,thatis, the estimationof the intrinsic calibrationparametergimagecentey

11



focal lengthand skewing of imageplane)andthe radial distortion,aswell asthe
rigid transformatiorbetweenthe cameragextrinsic calibration). Ordinarystereo
calibrationmethodswill notwork if thecameras'elds of view don't overlap.Me-
chanicalcalibrationis dif cult andexpensie, sowe would like to useanimage
basedmethod. We could constructa preciselymeasuredtalibrationgrid which
surroundghe Arguseye, andthenusestandaraalibrationmethods However, this
methodis dif cult andexpensve.

A moreefcient approachs to placeadditionalcamerasroundthe Arguseye
pointinginwardsin suchaway thatthe conesof view of thecamerasntersectvith
eachotherandwith thoseof the Arguseye. Thosecamerasproperly calibrated,
allow usto calibratethe Arguseye usingan LED asa correspondingpoint. We
usethis methodfor translationalkalibration,but usea nev methodbasedon line
correspondenci®r rotationalcalibration.

Lineshave notbeenusedextensvely beforein the calibrationof camerasusu-
ally themathematicaloolsin computewision arebasedn points. We would like
to uselinesbecaus¢hey extendover non-overlapping elds of view, which makes
themsimple objectsthat canbe usedfor the Arguseye. An additionalbene t of
lines over otherobjectsis thatthey are easierto locatewith sub-pixel accuragy,
thusallowing our calibrationto be muchmore accuratethana methodbasedon
spheresr LEDs. Thereis an equationwhich constraingust the rotationof three
cameradasedon correspondindineswhich is perfectfor our purposessincewe
have multiple cameras.We give an intuitive descriptionof this constraintin the

next section.
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4.1 Calibration constraints

Therearemary techniquegor the calibrationof theinternalparametersf individ-
ual cameras.We usethoseprior to everythingelsesowe needonly worry about
theexternalcalibrationparameterg, e. rotationandtranslatiorbetweercameras.

Therotationis easyto nd, basedntheobserationthatparallel linesseneto
constrainit. Considerasin gure 5 threeparallellinesonaprismin spaceandthe
threeedgesprojectedto threedifferentcameras.The representationf the image
linesarethevectors , which areperpendiculato the planeshroughtheimaging
centerandthe edgesof the prism,andthusthey mustbe coplanar

Let theprojectionmatricegdescribinghe transformatiorfrom scenepointsto
imagepoints)be

)

where isthepositionof thecamerawith respecto a coordinatesystemattached

to thecenterof the Arguseyeand  is therotationof the camera. An imageline
in the ducial coordinatesystemis measureds in the coordinatesystemof

the camera, where . Thus,we obtainthe following constrainton the

triple productof theimagelines,which we call the prismaticline constaint [5]:

®3)

Thisopenaup awealthof possibilitiesfor calibrationobjects.First, we canuse
theocclusionboundarie®f cylinders,sinceall occlusionboundarie®n a cylinder
areparallel. Secondjf we placetwo cylinderson oppositesidesof a square(as

in Figure 6), thenwe can put the objectaround the Argus eye, so that we may
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Figureb: Lines , ,and mustbecoplanar

rotationally calibrateall the cameradogether for greateraccurag. Thus,if our
camerasare positionedin sucha way that thereare no world lines which three
camerasee,we may still rotationallycalibrateif we have parallellinesvisible in

threecameras.

Figure6: Calibrationframeto rotationallycalibratecamerasvith non-intersecting
elds of view.

Next we have to obtaintranslationakalibration,thatis, computethe positions
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of thecameracenterswith respecto eachother Sincewe alreadyhave theinternal
calibrationandrotations,we may usea greatlysimpli ed versionof the trilinear
constraint{10] on correspondindinesin multiple cameras.This constraintsays
thatthe depthof aline reconstructedrom two views mustprojectto theright spot
in a third view. We may form a linear systembasedon this obseration which

yieldsaccuratdranslationatalibrationfor the Arguseye.

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 blackpolesmeasuredo be parallelasin Figure6. We maydo this
stepasalargenonlinearoptimizationoverthehomogeneouRodriguegparameters
of the rotationmatrices.We have found this methodto corverge well. Third, we
estimateghetranslatiorbetweerthe cameras.

Sincewe do nothave sufcient eld of view coveragewith only six cameraso
useasingleline for the nal calibrationstep,we insteadcalibratewith the Argus
cameragndsomeadditionalcamerasurroundingandpointinginwards. With the
externalcameraswe canguarante¢hatthreecamerawill seethelines,sothatthe
trilinear constraintmay be used.Note thatthis is only necessarypecausave have
only usedsix camerasin otherversionsof the Arguseye with morecamerasthe

additionalcamerawvill notbenecessary
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5 3D Motion Estimation

5.1 The Problem

Considera calibratedArgus eye moving in an unrestrictednannerin space col-
lectingsynchronizediideofrom eachof thevideocamerasWe would liketo nd
the 3D motionof thewhole system.Giventhatmotionandthe calibration,we can
then determinethe motion of eachindividual cameraso that we canalsorecon-
structshape.Beforegoinginto the detailsof the algorithmlet us give a pictorial
motivationfor our camerasystem.

An importantaspectof the resultsregardingthe ambiguityin motion estima-
tion for small elds of view is thatthey arealgorithmindependent.Simply put,
whatever the objective function oneminimizes,the minimawill lie alongvalleys.
The datais not sufcient to disambiguatdurther Let uslook at picturesof these
ambiguitiesVideo1 [11] givesaschemati@escriptiorof whatthesystemisimag-
ing. We estimatedhe 3D motionindependentlyn eachof the six sequencesn
the camera®f the Arguseye. For every directionof translationwe foundthe cor
respondingoestrotationwhich minimizesdeviation from the epipolarconstraint.
Figure 7a shavs (on the sphereof possibletranslations}the residualsgray-value
coded. Noting thatthe light areasareall the pointswithin a small percentag®f
the minimum, we canseethevalley which clearly demonstrat¢he ambiguitythe-
oreticallyshavn in the proofs. Ourtranslationcouldbearywherein thelight area.

We next shaw how to usethe imagesfrom all the camerasn orderto resohe

theseambiguities.
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(@) (b) (c)

Figure7: Deviation of theepipolarconstraint§rom zerowith light regionshaving

smallanddarkhaving largeresiduals(a) is deviation with variable“best” rotation
for eachtranslationin one camera. (b) is deviation with x ed bestrotationover

all translationdn onecamera.(c) is deviation of entire systenover translational
directions.

5.2 Combining the Estimatesfrom Individual Cameras

Thesix camera®f theArguseye don't have thesamemagingcenter Thiscompli-
catesthe 3D motionestimationof the systembut it alsobringsadwantagesSince
we know the distancesetweenthe cameracenterswe have metricinformation,
andthuswe canestimatealsotheamountof translationalelocity. If thedistances
are signi cant, this estimatewill be accurateandin the sequencave canobtain
metricdepth.

Usingthe projectionde nedin 2, arigid motion in thecoordinatesystem
of the Arguseye correspond the coordinatesystemf theindividual cameras

to atranslation

(4)

andarotation

(®)
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It is easyto estimateherotationif thetranslationis knovn, evenfor cameras
with limited elds of view. This factis exploitedin the algorithm, which works
asfollows. We performtherigid motion estimationfor every camerandividually
usingatechniqguewnhich searchei the spaceof translationatirections.For each
camerawe obtaina setof translationswith error closeto the minimum. To each
translatiorwe estimatehebestrotation. Givena2D manifoldof candidatdransla-
tions(theoneswith low error),we have a2D manifoldof candidateotationsthere
usuallyis noerrorin theestimatiorof therotationalcomponenaroundthe z-axis),
which we canmultiply by  , to obtaina 2D manifold of rotationalestimatesn
the ducial coordinatesystem.We canthen nd their intersectionwhich in gen-
eralis asinglepoint. Video2 [11] shavs thesemanifoldsgrowing andintersecting
asrotationalcandidatesn thevalley areaddedjn orderof increasingerror

This video con rms two basictenetsof this work. First, it shavs that the
motionestimate®f lowesterrorin individual camerasrenotthe correctmotions,
sinceif they were,the lowesterror pointswould be coincidentin rotationspace.
Thus even thoughwe are using state-of-the-aralgorithms,it is not possibleto
extract the correctmotion from a single camerawith limited eld of view, asis
shawn in the proof. Second,the video shaws that if we look at all the motion
candidate®f low error, the correctmotionis in thatset,shavn by theintersection
of thesix manifoldsata singlepoint.

That the manifoldsintersectso closely shavs we can nd the rotationwell.
Giventhis accurateotation,thetranslationahmbiguityin eachcameras con ned
to a very thin valley, shavn in Figure 7b. Finally we have to intersectthe trans-
lationsrepresentedby thesevalleys, to nd the complete3D translation. Since

motiononly allows usto estimatahedirectionof translationn theindividual cam-
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eras,we obtainfrom equation(4) for every candidateranslationa line constraint.
Theintersectiorof all the constraintdor the candidateranslationsn the six cam-
erasprovidesthe 3D translationof the system.In Figure7c we seethe locationof
the low errortranslationsn a sphericalslice of 3D translationspace.Notice the
well-de ned minimum, indicatingthat the directionof the translationobtainedis

notambiguous.

6 Conclusions

Thiswork is basedn theoreticakesultsthatestablishedhe robustnes®f 3D mo-
tion estimationasa functionof the eld of view. We built a new imagingsystem,
calledthe Arguseye, consistingof a numberof high-resolutiorcamerasampling
a partof the plenopticfunction. We calibratedthe systemanddevelopedan algo-
rithm for recoreringthesystems 3D motionby processingill synchronizedideos.
Oursolutionprovidesremarkablyaccurateesultshatcanbeusedn mary robotics

applicationswvhich involve motionandstructureestimation.
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