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Abstract

Theuseof 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 scenewhereasthe 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 acoopeation scheme Thesystenwepresent
in this paperperformstwo sepaate tasks: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 coopeative schemesare studied
andcompaedin experimentaresults.

1 Overview

Forthelastfifteenyears gye-in-han®2D visualsenoing hasbeen
extensiely studied[11, 3,5, 7]. Centralto this approackis 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 =-ALF(s—s%) 1)

where Lt is the pseudo-imerse of the estimatedjacobian. If

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

But, for severalreasongl], L is oftenfixedto a constanimatrix
(generallycalculatedat the desiredposition). Anyway; in that
casejf we canshav positivenesof the eigervaluesof Lf+, lo-

cal asymptoticstability of (1) is ensured.

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

hasto take into accounthe mappingfrom the camerarameonto
therobotcontrolframe. If we note[R, t] this mapping(R being
therotationalmatrix andt thetranslatiorvector),theeye-to-hand
jacobianLy is relatedto the eye-in-handone L by:

L= _L( 1(;2 —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
considerimportantmodificationin its ervironment.On the other
hand,a global (eye-to-handxamerds not maneuerableenough
to explore the scene. Mary papersdealwith the useof several
camerasn computervision: usuallyfor 3D reconstructiorwith
stereovision, sometimedor visualsenoingwith a pair of images
[4, 6] but rarely making global and local imagescooperatg8].
Thework thatwe describan this paperis afirst steptowardssuch
acooperationWe defineandshawv feasibility of alow level visual
senoing taskachiezed by meansof a systembringingtogethera
local view of the sceneanda global one. This systemis ableto
ensurepositioningwhile keepingvisibility of atarget.

In Section2, we preciselydescribeand model the tasksto be
achievedby botheye-to-handandeye-in-handcamerasindshaw,
in Section3, howv 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
presentresultsobtainedwith a six degreesof freedomcartesian
robot.

2 Task description and modeling

In oursysten(seeFiguresl and?2), theglobalcamerds staticand
controlsthe translatingdegreesof freedomof the robot effector
to ensureits correctpositioningwhile the local one controlsits
orientationto centera statictargetin its image.

The mobilelandmarkfrom 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 the bottom)systems

2.1 Trandation control

Theglobalimagemustcontrolthreedegreesof freedom Wethus
needto extractatleastthreeindependenteaturedrom theimage.
For stability proof corveniencewe choseonly threeof them:the
coordinate®f thecenterof 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:

()-(% 1 %)(%
. = 1 yc

zZG

where(Xg, Y¢) arethecoordinategexpressedn meters)f the
c.0.g.in theimagefor aonemeterfocallengthand(z ¢, ye, 2¢)
arethecoordinate®f thec.o.gof thetargetexpressedn thecam-
eraframe. Second,the evolution of the projectedsuriace S is
givenby: § = —(25/2¢)zc. Both previousrelationsamountto

X = 0 ’;—G ze
Yo |=] 0 =& —% el (3)
S 0o 0 - F2e

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:

S.T = LTV = L()RV (4)
L is calledthetranslationajacobian.Theassociatedontrollaw
ensuringanexponentialdecreasé thefeaturevectoris givenby:

V= —)\TE;’JF(ST —sr") (5)

wheresy™ 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:

X L o0 0 X
Yo =0 £ ¢ Yo (6)
S pixels 0 0 lf_ly s m

-~
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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 translationajacobianmatrix is L = ALoR
where A, Lo and R are non singular We have to study pos-
itivenessof the eigevaluesof LL* (= LL~! in the present
case).DenotingZ the estimateof z, and R = dR. R, we obtain:
L' = ALodRLy ' A~'. We proposeto studytwo different
cases:
1. R=R(i.e dR =Id)
In thatcasetheeigervaluesof LL™" are:
( f7als
lazgf

fzaly
lyzg f

f2 8730 )

lozgSF2ly
As a consequence,the local asymptotic stability of
the system is alays ensured since the conditions
il byl by, 26,26, S andS > 0 are not restrictive
atall andwhate/ertheestimationsi'z and}/’g.

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

™ ™
—- <0< = b
Judgingfrom this stability stiidy we can afford to fix Lo to a
constantvalue while ensuringthe convergenceof control. For
the application,we choseto fix Xq, 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-handccam-
eraorientationsuchthatthe centerof a statictamgetappearsand
remainsat the centerof theimage(seeFigure?2). 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 o %)

-XY -X
L is therotationaljacobian. If sg = (X,Y") denoteghe cur
renteye-in-handfeaturevector sg* the desiredoneand L the
estimatedacobiantheassociatedrackinglaw is givenby:

~
Lpr

— 4 *
Q:—ARLR (SR—SR) (7)

As previously, we canshav thatthe stability domainof this con-
trol law is very large. For future experiments Lz is computed
onceusmgX =0andY = 0.In thatcase a sufficient condition
to local asymptoticstability is f, f lz, z,ly,y > 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:

o= (707 v )RV

~~

Lpr

wherez is the depthof the static target from the local camera
andR' is therotationfrom thelocal cameradrameontothe robot
staticcontrolframe.WhenestimatingL/Ep, we will fix )?, Y to

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

computedhanksto odometry

3 Cooperation

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

~ It 0 Ly \ }eye-to-hand
L= = ~ )= = )

Lrr Lgr L. } eye-in-hand
Ontheonehand,usinga classicakcontrol(1) whereL hasacou-
pling term (LRT # 0) will leadto unexpectedbehaiors such
assweepingnovementsn theimagesandlossof featureif Lis
not perfectlyestimated Thesefearswereobsered duringexper
iments; thatis why we aim at controllingbothtasksndependent-

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

But on the otherhand,if we fix L/R\T = 0, we assumehatboth
tasksareindependent.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:
. Osg dr = Osgr Osr

SR—WE+W LrQ+ — ot
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 Bs/R/\at. 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 integrator into the
controlloop. Theintegratoris simply achiezed by the fol-
lowing iterative scheme:

—

dsr *
oR %)k + p(sre — SR™) 9)

S

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

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

mateis:
Osr\ _ SRk _ SRk/k—1
ot ), At At
~—~— ——

obseration prediction

)k+1 =(

wheresgy/x—1 = Srr—1 + LrQk—1At. Thus:

Osr\ _ SRk — SRk-1
(7)o b 1o



At timek, we musthave accesso Q;_ 1. Thisis doneeither
assuminghatQy_1 is the previous computedvalue of the
controllaw or measuringt. The lasttechniqueis the one
we implementedsincethe first one assumesn ideal time

respons@f the system.Let us notethatrotationalmotion-

s arealwayseasierto measureaccuratelythantranslational
ones.

Estimatingschemg10) would be perfectassuminghatda-

ta arenot noisy As not iterative, this one doesnot filter

noisedueto theinaccurag in themeasuref sz andin the

measureof Q2 ateachtime. In orderto filter it, we canuse
eitherasimplefilter

B = el o Lelie) g
+ (1- a)-(%_f)(k—n

wherea is a forgettingfactot or a Kalmanfilter astheone
proposedn [2]. Obviously, this lasttechniquempliesthat
we shouldknow an approximationof the evolution model
of ‘9;—f but it is well-known that Kalmanfiltering is quite
robustto this knowvledge.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 tamget
motion, but it doesnot matterin the systembehaior.

3.2 Task redundancy

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

e=WT(sr—sr")+ (I — W W)asg,”

whereW is afull rankmatrix suchthatkKer W = KerL. if we
setLe = [Lrr Lg]. Matrix I — WTW is thusa projection
operatoronto the kernelof L.. It meanshatthe secondaryask
realizationwill have no effect on the mainoneaslong as L. is
agoodapproximatiorof L. In our case the maintaskjacobian
L. = (Lrr Lg)isfull ranksowe cansetW = L.. Besides,
the secondargaskis a positioningonein the eye-to-handmage
gs = C(st — s7™) whereC is acombinationmatrix. Applying
T = —Me, theevolution of st if sg hasconvemyedis given by
st = —AaaLg(I — f,?Lf,:)C(sT — s7). A necessargondition
for an exponentialdecreasés C' = (fd(I - f,:+f,:))+. Asa
conclusionthetaskfunctionis givenby:
e = !5;+(8R —sr")

+ (=L T)(Ta(I - T E)) Fas(sr — s17)

4 Experimental results

This sectionandFigures3,4 and5 shawv the experimentaresults
we obtainedfor all the presentednethods.The gainshave been
choserasfollows: Ar = Ag = 0.1. Themobilelandmarkwhere
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Figure3: Independentontrol of bothtasks

eye-to-handeaturess areextractedfrom, is thewhite unknavn
andcompl shapeghatcanbeseenonfigure2-a. st* wasprevi-
ouslylearnedfigure 2-b) but thevalueof s+* couldalsobefixed
by the operator

Whenwe control both tasksindependentlyandaddno compen-
sation(seeFigure 3), we cannoticethat, asreally independent,
the translationcontrol hasa good exponentialbehaior whereas
thecenteringonecannotbeachiezeduntil thetranslatioronehas
corverged. Thisis exactly whatwe call trackingerror.

Estimation and compensation of thetracking error

For thesemethodsthetranslationcontroldoesnot changeandits
performancesareexactly theonepresentedn Figure3.
Theresultsobtainedusinganintegrator(see(9)) arepresentean
Figure4-a. Thegainwasfixedto p = 0.01. Thismethodincreas-
esthe corvergenceratebut we obsere that s is quite difficult to
adjust.Performancearenot optimaldueto non-constanveloci-
ty. The useof anestimatorfor 3—;} leadsto betterperformances
(seeFigure4-b). Usinga simplefiltering givenby (11) for which
a = 0.7, thenoiseon the controlis significant. Its effect onthe
errorsin theimageis naturallyfilteredby therobotdynamic.The
Kalmanfilter shavs really good performancegseeFigure 4-c).
Finally, using odometryalso appearsvery efficient (seeFigure
4-d) but the correspondingperformancesnainly dependon the
robotinternalsensorsccurag.

Redundancy approach
The redundang formalismpresentghe adwantageof specifying
theimportanceof onetaskagainstheother Figure5 shavs how
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thepriority of themaintaskdelayscorvergenceof thesecondary
one. But sinceit hascorverged, the secondarytask follows an
exponentialdecreaseWe alsonotethatthe primary tasksis dis-
turbedby the secondarpneonly duringthefirst iterations. This
is dueto theinexactestimationof thekernel.

-a- Positioningtask

Translation control

-b- Trackingtask

Rotation control

0.3

velocity (mis)

- 10 20 3 40 50 60 7 o 0 20 30 40
ime (s) time (s)

Error on the image features

s
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ime (s)

Tracking trajectory in the eye-in-hand image

Figure5: Redundang approach

5 Conclusion

We have investigatedh cooperatiorschemesuccessfullyntegrat-
ing a fixed cameraanda robot-mountedne. Keepingindepen-
dencebetweerthetasksallowed usto prove stability of the con-
trol law. Mostof theavailabletechniquesor visualsenoingwere
adaptedo the useof our two sensorsand experimentallycom-
pared.All of themshavedtheir ability to solve ourtaskbut some
methoddik e Kalmanfiltering or odometryprovedto bevery 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, uncertainandpartialsensomeasuresplanningnew sen-
sor placemento improve knowledge while avoiding obstacles,
makingdecisionsaccordingto currentknovledgeandthe taskto
achieve.

Acknowledgments. This study was partly supported by
INRIA LARA projectandby Brittany CountyCouncil.

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

F. Chaumette.Potentialproblemsof stability and corver-

gencein image-basednd position-based/isual senoing.

In D. Kriegman,G . Hager and A.S. Morse, editors, The
Confluencef VisionandContmol, pp 66—78.LNCIS Series,
No 237,SpringefVerlag,1998.

F. ChaumetteandA. Santos.Trackinga maving objectby
visual serwing. In 12th IFAC World Congess volume 3,
pp 643—-648 Sidney, Australie,July 1993.

B. Espiau,F. ChaumetteandP. Rives. A new approacho
visual senwing in robotics. IEEE Trans.on Roboticsand
Automation 8(3):313—-326,Junel992.

G.D.Hager A modularsystenfor robustpositioningusing
feedbackrom stereovision. IEEE Trans.on Roboticsand
Automation 13(4):582—-595August1997.

K. Hashimoto. Visual Servoing: Real Time Control of

Robot Manipulatos Basedon Visual SensoryFeedbak.

World ScientificSeriesn RoboticsandAutomatedSystem-
s, Vol 7, World ScientificPress Singapoy1993.

R. Horaud,F. Dornaika,and B. Espiau. Visually guided
objectgrasping.|IEEE Trans.on Roboticsand Automation
14(4):525-532August1998.

S. Hutchinson,G.D. Hager andPI. Corke. A tutorial on
visualseno control. IEEE Trans.on Roboticsand Automa-
tion, 12(5):651-6700ctober1996.

E. Marchandand G. Hager Dynamic sensormlanningin
visual senwing. In IEEE Int. Conf on Roboticsand Au-
tomation volume3, pp 1988-1993| euwven, Belgium,May
1998.

F. ReyesandR. Kelly. Experimentalevaluationof fixed-
cameradirect visual controllerson a direct-drive robot. In
IEEE Int. Conf on Roboticsand Automation Leuven, Bel-
gium, May 1998.

C. SamsonM. Le Borgne,andB. Espiau. RobotContmol:
the TaskFunctionAppmoad. ClarendonPressOxford, U-
nitedKingdom,1991.

L.E. Weiss.Dynamicvisualseno controlof robots.

An adaptve image basedapproach. Technical Report
CMU-RI-TR-84-16, Carngie-Mellon University, April
1984.

S.W. WijesomaD.FH. Wolfe, andR.J.Richards.
Eye-to-handcoordinationfor vision-guidedrobot control
applications. Int. Journal of RoboticsReseath, 12(1):65-
78, February1993.



