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Abstract

The useof a camen in a robot contol loop can be performed
with two typesof architectue: the camen is said eye-in-hand
whenrigidly mountedntherobotend-efectorandit is saideye-
to-handwhenit observeghe robotwithin its work space These
two schemeshavetednical differencesand they can play very
complementaryarts. Obviously the eye-in-handonehasa par-
tial but precisesight of the scenewherasthe eye-to-handcam-
era hasa lessprecisebut global sight of it. The motivationof
our work is to take advantae of both, free-standingand robot-
mountedsensos, in a coopeation scheme Thesystenwepresent
in this paperperformstwo sepaatetasks:a positioningonethat
is ensued in the global image and a tracking one performedin
the local image. For robustnessonsideations, the contol law
stability is proved and several coopentive schemesare studied
andcompaedin experimentaresults.

1 Overview

Forthelastfifteenyears gye-in-han®D visualsernoing hasbeen
extensvely studied[11, 3, 5, 7]. Centralto this approachs the
imagejacobianL (alsocalledinteractionmatrix). It relatesthe
variationsof someimagefeatures to therobotcontrol(generally
expressedisavelocity scrav T'): $ = LT. Most of thetime, the
controlcanbe expresseastheregulationof ataskfunction[10].
If s* is thedesiredvalueof s, we aim at controllingtherobotin
suchawaythats — s* decrease® 0. A simplemethodconsists
in applyingthefollowing controllaw:

T =-XLT(s—s") 1)

where L " is the pseudo-imerse of the estimatedjacobian. If

dim(s) < dim(T), we canshav thatwhen L is exactly com-
putedateachtime, (1) ensuresnexponentialdecreasén s — s™.

But, for severalreasongl], L is oftenfixedto a constanimatrix
(generallycalculatedat the desiredposition). Anyway; in that
casejf we canshav positvenesof the eigevaluesof LLT, lo-

cal asymptoticstability of (1) is ensured.

In [6] theresultsof [3] areextendedo thegenerakaseof acam-
eraobservingtherobotbeingcontrolled.In [9] and[12], we can
find eye-to-handsystemslevelopedfor specifictasks.We should
stressthe fact that, in the eye-to-handcase,the imagejacobian

hasto take into accounthe mappingfrom the camera@rameonto
therobotcontrolframe. If we note[R, ¢] this mapping(R being
therotationalmatrixandt thetranslatiorvector),theeye-to-hand
jacobianLy is relatedto the eye-in-handone L by:

L, = _L( 13’, —RS(};RTt) )

)
whereS(a) is the skew symmetricmatrix associatedvith vector
a. In [6] thecontrollaw is identicalto (1).

For comple tasksin naturalor complex ervironments,we can
no longerbe limited to the useof onetype of camera. On the
onehand,thereis no possibilityfor alocal (eye-in-hand)camera
to interactwith its wholework space.Furthermoreit canhardly
considefimportantmodificationin its ervironment.On the other
hand,a global (eye-to-handxameras not maneuerableenough
to explore the scene. Mary papersdeal with the useof several
camerasn computervision: usuallyfor 3D reconstructiorwith
stereovision, sometimegor visualsenoingwith a pair ofimages
[4, 6] but rarely making global and local imagescooperatg8].
Thework thatwe describen this paperis afirst steptowardssuch
acooperationWe defineandshaw feasibility of alow level visual
senoing taskachieved by meansof a systembringingtogethera
local view of the sceneanda global one. This systemis ableto
ensurepositioningwhile keepingvisibility of atamget.

In Section2, we preciselydescribeand model the tasksto be
achievedby botheye-to-handandeye-in-handcamerasndshaw,
in Section3, how they memge into a singleone. While stressing
theneedof independencbetweerthetaskswe will seethattheir
naturalinteractioncannot beignoredandwill shav how to take
it into accountin an efficient androbustway. In Section4, we
presentesultsobtainedwith a six degreesof freedomcartesian
robot.

2 Task description and modeling

In oursysten(seeFiguresl and2), theglobalcameras staticand
controlsthe translatingdegreesof freedomof the robot effector
to ensureits correctpositioningwhile the local one controlsits
orientationto centera statictargetin its image.

The mobile landmarkfrom which the globalimagefeatureswill
be extractedis mountedat the end of the translatingjoints of the
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Figurel: Eye-in-hand Eye-to-handcooperation
robotarm. This way, the end effector rotationalmotionsdo not

influencethe globalimage. This providesuswith moreindepen-
dencebetweerbothtasks.

Figure2: Initial anddesiredmagedor eye-to-handonthe
top) andeye-in-hand(on thebottom)systems

2.1 Trandation control

Theglobalimagemustcontrolthreedegreesof freedom.Wethus
needto extractatleastthreeindependenteaturefrom theimage.
For stability proof conveniencewe choseonly threeof them:the
coordinate®f the centerof gravity (c.0.g.)of theobseredtarget
in theimageandthe projectedsurface. We further assumehat
theobsenredtametis planarandparallelto theimageplane.First,
thisresultsin thefactthatthec.o.gof thetargetcanbeconsidered
asa physicalpoint of thetargetandits evolutionis governedby:

. L _ z‘G
(S)-(% & %) (%

G z - ZG
where(X¢, Y) arethecoordinategexpressedn meters)of the
c.o0.g.in theimagefor aonemeterfocallengthand(z ¢, ya, 2¢)
arethecoordinate®f thec.o.gof thetargetexpressedn thecam-

eraframe. Second,the evolution of the projectedsurface S is
givenby: S = —(25/z¢)za. Both previousrelationsamountto

s

Yo |=| 0 5 —32 e (3)
S 0o 0 == za

We choseto expressthe translationcontrol V' in the staticrobot
control frame. It meansthat the displacemenfrom the eye-to-
handcamerarameontothe controlframe[R, t] is constant Be-
sides,if we denotesr the featurevector equationg2) and (3)
leadto:

st = LtV = LoRV 4
L is calledthetranslationajacobian.Theassociatedontrollaw
ensuringanexponentialdecreasén thefeaturevectoris givenby:

V= —/\T.f/;’+(ST —s7") (5)

wheresr™ is thedesiredfeaturevectorggdf/} is the estimated
jacobian. In orderto chosea suitable L7, we now proposeto
determinethe stability domainof the control law (5) underthe
assumptionpresentedbefore.

¢ Stability proof

To dealwith internal calibrationwe remind the meterto pixel
transformationlf we considemo radial distortionandassuming
thatimageaxesareperfectlyorthogonal:

Xq Lo o X
Ve = o £ o Ve (6)
¢ 2 ¢
s pixels 0 0 lf_ly s m

~~

A

where f, I, andl, arerespectiely the focal length, the width
andhight of a pixel in meters.Accordingto (4) and(6), we no-
tice that the global translationajjacobianmatrixis L = ALgR
where A, Lo and R are non singular We have to study pos-
itivenessof the eigevalues of LL* (= LL ' in the present
case).DenotingZ the estimateof z, andR = dR.R, we obtain:
LI~! = ALodRLy 'A~'. We proposeto studytwo different
cases:

1. R=R(i.e. dR = Id)
In thatcasetheeigervaluesof LL ! are:

( JEze1 fzaly

f20, 8750 )
lazaf lyzaf

b la2a SRl
As a consequence,the local asymptotic stability of
the system is always ensured since the conditions
£l byl by, 26,26, S andS > 0 are not restrictive
atall andwhataver the estimationsX¢ and¥z.

2. A=Aand Lo = Lo
This time LL~! = ALodRLo 'A™' sodR and LL !
are similar and have the sameeigervalues. We just need
to study positivenessof the real part of the eigervaluesof
dR which are (1, e~%) where# is the rotationangle.
This meanghat, for ary rotationaxis, the systemis locally
asymptoticallystableif

s s
—— <0< = o
Judgingfrom this stability stady we czgn afford to fix Lo to a
constantvalue while ensuringthe convergenceof control. For
the application,we choseto fix X¢, Yo andzg to their desired
values,zg beingcoarselyapproximatedoy hand. The constant
valueof R is alsoestimatedy hand.



2.2 Rotation control

Theprincipleof thesecondaskis to controltheeye-in-handcam-
eraorientationsuchthatthe centerof a statictargetappearsand
remainsat the centerof theimage(seeFigure2). This intendsto
forcethevisibility of thetargetduringthe positioningtask.

If the obsered object is a point then the movement of the
point projection(X, Y) is relatedto the rotatingcommand? =
[Qx, Qy, Qz] by thefollowing equation:

(5)-(% 5 %)

-XY -X
Lp, is therotationaljacobian. If sg = (X,Y) denoteshe cur
renteye-in-handfeaturevector sg* the desiredoneand L the
estimatedacobian the associatedrackinglaw is givenby:

~
Lgr

A+ *
QZ—)\RLR (SR—SR) (7)

As previously, we canshav thatthe stability domainof this con-
trol law is very large. For future experiments, Lris computed
onceusmgX = 0and¥ = 0.In thatcase,asumment condition
to local asymptoticstability is f,f lz,lz,1y,5 > 0. Computing
Lz ateachiterationis alsovery easyto implement.

2.3 Interaction

Whereasrotationalmotionsdo not influenceglobal imagefea-
tures, translatingmovementsof the end effector resultin move-
mentsin the eye-in-handimage. More precisely the movement
of the point projectionis relatedto the translatingcontrol V' by
thefollowing equation:

= (T L v )my

v

LpT

wherez is the depthof the static target from the local camera
andR’ is therotationfrom thelocal camerdrameontotherobot

staticcontrolframe. WhenestimatingL g7, we will fix 55, Yo

their desiredvalues(0) andz to a constantaluez*. R’ will be

computedhanksto odometry

3 Cooperation

We now aim at makingboth previous taskscooperatén a single
control scheme.Judgingfrom previous modeling,the estimated
globaltaskjacobianis:

~ ITT 0 Ld } eye-to-hand
L = — —~ =
Lrr Lg } eye-in-hand

Ontheonehand,usingaclassicakcontrol(1) whereL hasacou-
pling term (LRT # 0) will leadto unexpectedbehaiors such
assweepingnovementsn theimagesandlossof featureif Lis
not perfectlyestimated Thesefearswereobsered duringexper
iments; thatis why we aim atcontrollingbothtasksndependent-

ly. In addition,if independences presered, global stability will
be ensuredaslong aseachtaskis stable.

But on the otherhand, if we fix Lzz = 0, we assumehatboth
tasksare independent.This inaccurag in modelingthe system
leadsto tracking error  This error can be seenin Figure 3-h.
Theproblemappearsll themoredangerousincesometimeshe
point is aboutto vanishfrom the image. In orderto suppress
thetrackingerrorwhile keepingindependencbetweertaskswe
comparewo kindsof methods.
3.1 Estimating the perturbation
The translationof the effector can be seenas an unknavn per
turbationacting on the eye-in-handfeaturesvelocity measures.
Becausef this unknavn perturbationyve mustwrite:
. Ospdr Osgr Osgr

i S T T T
wherer denoteghe effector position. If we still wantto ensure
anexponentialdecreasén sg — sg™, the correspondingontrol
law is givenby [2]:

—~+ " —~+0s
QZ—)\RLR (SR—SR ) —LR a—tR (8)
classicakontrol trackingerror
law compensation

Thuswe mustestimatethe partof imagefeaturesvelocity dueto

theperturbationthatis dsr /0t. Severalwayshave beeninvesti-
gatedto computethis estimation:

e Odometry: If wehaveaccessotherobotodometryV can
be measuredandthe estimationis computedby m =
LgrrV. However, we shouldnotethatonly few robotscan
afford anaccurateneasuref theirtranslationamotion. For
examplemobile robots,which constitutean importantap-
plicationfield of ourwork, rarely have suchequipments.

e |terative scheme: This methoddirectly comesfrom con-
trol theory and consistsin insertingan integratorinto the
controlloop. The integratoris simply achiezed by the fol-
lowing iterative scheme:

(asR

wherey is a compensatiorgain. Let us note that, when
stationarityis reachedsgry = sr™.

e Observation / Prediction: An other methodconsistsin
comparingthevelocity we obsere in theimageandtheve-
locity we canpredictfrom the computedcontrol law. The
differencebetweerbothtermsshouldcorrespondo the part
of the movementdueto perturbation. At time k, the esti-

mateis:
Osr\ _ SRk SRk/k-1
ot ), At At
—— N——_——
obseration prediction

Yet1 = (a;—f)k + p(srp — sr™) 9)

Wherest/k_l = SRk—1 + LRQk_lAt. Thus:

Osr\ _ SRk — SRk_1
() == v



At time k, we musthave accesso Qx—1 . Thisis doneeither
assuminghatQy_ is the previous computedvalue of the
control law or measuringt. The lasttechniqueis the one
we implementedsincethe first one assumesn ideal time

responsef the system.Let us notethat rotationalmotion-
s arealwayseasierto measureccuratelythantranslational
ones.

Estimatingschemg10) would be perfectassuminghatda-
ta are not noisy As not iterative, this one doesnot filter

noisedueto theinaccurag in themeasuref sg andin the
measuref Q at eachtime. In orderto filter it, we canuse
eitherasimplefilter

At
a
+ (1-a)(%8), )

wherea is a forgettingfactor or a Kalmanfilter astheone

proposedn [2]. Obviously, this lasttechniquempliesthat

we shouldknow an approximationof the evolution model

of agf but it is well-known that Kalmanfiltering is quite

rohustto thisknowledge.We chosea modelwith aconstant
velocity stateanda constantorrelation.

Let usnotethatobseration/ predictiontechniqueganalso

dealwith amobiletarget. In thatcase no differencecanbe

madebetweerperturbationdueto the unknavn translation
of the effector and the one relatedto the unknavn tamet

motion,but it doesnot matterin the systembehaior.

3.2 Task redundancy

An othermethodis to considerthetrackingtaskasthe maintask.
As it doesnot constrainall the robotdegreesof freedom,we can
usethe taskredundang approach10, 3]. A secondanytaskgs
canthusbe performedregulatingthe taskfunction:

ds _ SRk~ SRk—
(%r) = a_(kikl/_\LR.Qk_l) (11)

e=Wh(sr—sr")+ T - W W)azg."

whereW is afull rankmatrix suchthatKer W = KerL. if we
setL. = [Lrr Lg]. Matrix I — W*W is thusa projection
operatoronto the kernel of L.. It meanghatthe secondaryask
realizationwill have no effect on the mainoneaslongasL. is
agoodapproximatiorof L. In our casethe maintaskjacobian
L. = (Lrr Lg)isfull ranksowecansetW = L.. Besides,
the secondaryaskis a positioningonein the eye-to-handmage
gs = C(sr — s7™) whereC' is acombinationmatrix. Applying
T = —Me, theevolution of st if sg hasconvergedis given by
sT = —AagLa(I — Z;Jrli:)c(sT — s7). A necessargondition
for an exponentialdecreasés C' = (fd(I - E:+7:\e))+. As a
conclusionthetaskfunctionis givenby:

—+
L. (sr—sr")
+ (=L LTI - L. T) Yas(sr — s7*)

e =

4 Experimental results

This sectionandFigures3,4 and5 shawv the experimentaresults
we obtainedfor all the presentednethods.The gainshave been
choserasfollows: Ar = Agr = 0.1. Themobilelandmarkwhere

-a- Eye-to-hand

Translation control

-b- Eye-in-hand

Rotation control

velocity (mis)
velocity (degls)

30 40 50 60 7 © 10 20 3 40 50 60 70
time (s) time (s)
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Error on the image features.

XX, (Pxels)
Y, (pixels)
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Yo 10 20 3 40 s e 70 %0 2
time (5)

0 40
time (s)

Trajectory of the c.0.g. in the eye—to-hand image Tracking trajectory in the eye-in-hand image

Figure3: Independentontrol of bothtasks

eye-to-handeaturesst areextractedfrom, is thewhite unknavn
andcomple shapehatcanbeseeronfigure2-a. st™ wasprevi-
ouslylearnedfigure 2-b) but thevalueof st* couldalsobefixed
by theoperator

Whenwe control both tasksindependentlyandadd no compen-
sation(seeFigure 3), we cannoticethat, asreally independent,
the translationcontrol hasa good exponentialbehaior whereas
thecenteringonecannotbeachie/eduntil thetranslatioronehas
corverged. Thisis exactly whatwe call trackingerror.

Estimation and compensation of thetracking error

For thesemethodsthetranslationcontroldoesnot changeandits
performancesreexactly the onepresentedn Figure3.
Theresultsobtainedusinganintegrator(see(9)) arepresentedn
Figured-a. Thegainwasfixedto x = 0.01. Thismethodincreas-
esthe corvergenceratebut we obsere that y is quite difficult to
adjust.Performancearenot optimaldueto non-constanteloci-
ty. The useof anestimatorfor 6—;3 leadsto betterperformances
(seeFigure4-b). Usinga simplefiltering givenby (11) for which
a = 0.7, thenoiseon the controlis significant. Its effect on the
errorsin theimageis naturallyfilteredby therobotdynamic.The
Kalmanfilter shaws really good performancegseeFigure 4-c).
Finally, using odometryalso appearsvery efficient (seeFigure
4-d) but the correspondingperformancesnainly dependon the
robotinternalsensorsaccuray.

Redundancy approach
The redundang formalismpresentghe advantageof specifying
theimportanceof onetaskagainstheother Figure5 shavs how
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thepriority of the maintaskdelaysconvergenceof thesecondary
one. But sinceit hascorverged, the secondarytask follows an
exponentialdecreaseWe alsonotethatthe primarytasksis dis-
turbedby the secondarypneonly duringthefirst iterations. This
is dueto theinexactestimationof the kernel.

-a- Positioningtask

Translation control

-b- Trackingtask

Rotation control

)

°

Yelocity (degls)

A

%30 20 s 40 s 0 70 o 10 2 0 a0
tme (5) ime ()

Error on the image features
Error on the image features

distance (pixels)

30 40 50 60 70 0 10 20 3 40 50 60 70
time (s) time (s)

Tracking trajectory in the eye-in-hand image

Figure5: Redundang approach

5 Conclusion

We haveinvestigatedh cooperatiorschemesuccessfullyntegrat-
ing a fixed cameraanda robot-mountedne. Keepingindepen-
dencebetweernthetasksallowed usto prove stability of the con-
trol law. Mostof theavailabletechniquegor visualsenoingwere
adaptedo the useof our two sensorsand experimentallycom-
pared.All of themshavedtheir ability to solve our taskbut some
methoddik e Kalmanfiltering or odometryprovedto be very ef-
ficientasregardstheir robustness.

The applicationwe developedconstitutesa good basisto build
higherlevel tasks. Our future work will be dedicatedo the de-
velopmentof exploration stratgies with both global and local
cameras.Very basicissueswill arise: finding a suitableknowl-
edgerepresentatiothatshouldallow integrationandcomparison
of new, uncertainandpartialsensomeasuresplanningnewn sen-
sor placemento improve knowledge while avoiding obstacles,
makingdecisionsaccordingto currentknowvledgeandthetaskto
achieve.
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