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Abstract: Thisreportproposesanew wayto achieverobotictasksby 2D visualservo-
ing. Indeed,insteadof usingclassicalgeometricfeaturessuchaspoints,straightlines,
poseor anhomography, asit is usuallydone,the luminanceof all pixels in the image
is hereconsidered.Themainadvantageof thisnew approachis thatit doesnot require
any trackingor matchingprocess.Thekey pointof ourapproachrelieson theanalytic
computationof theinteractionmatrix that links thetime variationof theluminanceto
thecameramotions.Thiscomputationis basedeitheronasimpleLambertianmodelor
on thePhongonesothatcomplex illumination changescanbeconsidered.However,
sincemostof theclassicalcontrollawsfail whenconsideringtheluminanceasavisual
feature,we turn thevisualservoingprobleminto anoptimizationoneleadingto anew
control law. Experimentalresultson positioningandtrackingtasksvalidatethe pro-
posedapproachandshow its robustnessregardingto approximateddepths,Lambertian
andnonLambertianobjects,low texturedobjectsandpartialocclusions.
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Asservissementvisuelphotométrique

Résumé: Nousdécrivonsdansce rapportunenouvelle façonderéaliserdestâches
robotiquespar asservissementvisuel 2D. En effet, au lieu d'utiliser desinformations
visuellesdenaturegéométrique,commeparexempledespoints,deslignesdroites,la
poseouunehomographie,commec'esthabituellementle cas,la luminanceenchaque
pixel del'image estconsidérée.L'avantageprincipaldecettenouvelleapprocheréside
dansle fait qu'aucunephasedesuivi ou demiseencorrespondancen'est requise.Le
point clé decetteapprochereposesur l'obtentionsousformeanalytiquedela matrice
dite d'interaction,matriceliant la variationtemporelledela luminanceaumouvement
de la caméra.Ce calcul estbasésur le simplemodèled'illumination de Lambertou
surle modèledePhonga�n quedesvariationscomplexesd'illumination puissentêtre
appréhendées.Cependant,leslois decommandehabituellementutiliséesétantdansce
casmisesenéchec,nousreformulonsle problèmede l'asservissementvisuelcomme
un problèmed'optimisationaboutissantà l'écriture d'une nouvelle loi decommande.
Desrésultatsexpérimentaux,aussibienconcernantla réalisationdetâchesdeposition-
nementquedesuivis decible, validentl'approcheproposéeet montrentsarobustesse
vis-à-visde l'approximationfaite sur les profondeurs,de scènesnon Lambertiennes,
descènespeutexturéesouencorepartiellementoccultées.

Mots-clés: Asservissementvisuel, luminance,modèled'illumination, suivi, optimi-
sation
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1 Intr oduction

Visualservoingconsistsin usinginformationprovidedbyavisionsensorfor thecontrol
of arobot[1]. Robustextractionandreal-timespatio-temporaltrackingof visualcuesis
thenusuallyoneof thekeysto successof avisualservoingtask.In this reportweshow
that this trackingprocesscanbe totally removed andshow that no otherinformation
thanthe imageintensity(thepureluminancesignal)canbeconsideredto control the
robotmotion.

Classically, to achieve a visual servoing task, a set of visual featureshasto be
selectedfrom theimageallowing to controlthedesireddegreesof freedom.A control
law hasalso to be designedso that thesevisual featuress reacha desiredvalues� ,
leadingto a correctrealizationof thetask. Thecontrolprinciple is thusto regulateto
zerotheerrorvectors � s� . To build thiscontrollaw, theknowledgeof theinteraction
matrix L s is usually required. For eye-in-handsystems,this matrix links the time
variationof s to thecamerainstantaneousvelocityv

_s = L s v (1)

with v = (v; ! ) wherev is the linear cameravelocity and ! its angularvelocity.
Thereafter, if we considerthe cameravelocity as input of the robot controller, the
following controllaw is designedto try to obtainanexponentialdecoupleddecreaseof
theerrors � s�

v = � � bL +
s (s � s� ) (2)

where� isaproportionalgainthathastobetunedtominimizethetime-to-convergence,
andbL +

s is thepseudo-inverseof amodelor anapproximationof L s [1].
As canbeseen,visualservoingexplicitly relieson thechoiceof thevisualfeatures

s (andthenon the relatedinteractionmatrix); that is the key point of this approach.
However, with a vision sensorproviding 2D measurementsx(r k ) (wherer k is the
cameraposeat time k), potentialvisual featuress arenumerous,since2D data(co-
ordinatesof featurepoints in the image,contours,moments,...)as well as 3D data
providedby a localizationalgorithmexploiting x(r k ) canbeconsidered.In all cases,
if the choiceof s is important, it is always designedfrom the visual measurements
x(r k ). However, a robust extraction,matching(betweenx(r 0) andx � = x(r � )) and
real-timespatio-temporaltracking(betweenx(r k � 1) andx(r k )) have proved to be a
complex task,astesti�ed by theabundantliteratureon thesubject(see[2] for a recent
survey on this subject). This imageprocessingis, to date,a necessarystepandcon-
sideredalsoasoneof thebottlenecksof theexpansionof visualservoing. Thatis why
someworks tendto alleviate this problem. A �rst ideais to selectvisual featuresas
proposedin [3,4] or asin [5] to only keepvisual featuresthataretrackedwith a high
con�dent level (seealso[6] whereamoregeneralapproachis proposed).However, the
goal of suchapproachesis not to simplify the imageprocessingstepbut to take into
accountthat it canfail. A moreinterestingway to avoid any trackingprocessis to use
nongeometricvisualfeatures.In thatcase,parametersof a 2D motionmodelareused
asin [7–10]. Nevertheless,suchapproachesrequirean importantandcomplex image
processingstep. Removing the entirematchingprocessis only possiblewhenusing
directly theluminanceaswepropose.

Indeed,to achieve this goalwe useasvisual featuresthesimplestfeaturethatcan
beconsidered:theimageintensityitself. Wethereforecalledthisnew approachphoto-
metricvisualservoing. In thatcase,thevisualfeaturevectors is nothingbut theimage
while s� is the desiredimage. The error s � s� is thenonly the differencebetween
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thecurrentanddesiredimages(that is I � I � whereI is a vectorthatcontainsimage
intensityof all pixels). Within this framework, the major contributionsof this report
are:

• Theanalyticcomputationof the interactionmatrix L I relatedto the luminance
aswell in thecaseof thetemporalluminanceconstancy hypothesisasin thecase
of complex illuminationchanges.

• Theapproachrequiresno matching,no trackingandvery few imageprocessing
process.

• Using the imageintensityasvisual features,theclassicalcontrol law, givenby
equation(2), at bestconvergeswith a slow andinappropriatecameramotionor
simply diverges,we thusturn the visual servoing probleminto a minimization
one.

• Positioningandtrackingtasksthatcontrol the6 d.o.f of thecameraareconsid-
ered.

Consideringthewholeimageasa featurehaspreviously beenconsidered[11,12].
As in our case,themethodspresentedin [11,12] did not requirea matchingprocess.
Neverthelessthey differ from our approachin two importantpoints.First, they do not
usedirectly the imageintensitybut an eigenspacedecompositionis performedto re-
ducethedimensionalityof imagedata.Thecontrolis thenperformedin theeigenspace
andnot directly with the imageintensity. Moreover, this way to proceedrequiresthe
off-line computationof thiseigenspaceandthen,for eachnew frame,theprojectionof
the imageon this subspace.Second,the interactionmatrix relatedto the eigenspace
is not computedanalyticallybut learnedduringanoff-line step.This learningprocess
hastwo drawbacks:it hasto bedonefor eachnew objectandrequirestheacquisition
of many imagesof the sceneat variouscamerapositions. Consideringan analytical
interactionmatrixavoidstheseissues.

An interestingapproach,whichalsoconsiderthepixelsintensity, hasbeenrecently
proposedin [13]. This approachis basedon the useof kernelmethodsthat lead to
a high decoupledcontrol law. However, only the translationsandthe rotationaround
the optical axis are consideredwhereas,in our work, the 6 degreesof freedomare
controlled. Anotherapproachthat doesnot requiretrackingnor matchinghasbeen
proposedin [14]. It modelscollectively featurepointsextractedfrom the imageasa
mixture of Gaussianandtry to minimize the distancefunctionbetweenthe Gaussian
mixture at currentanddesiredpositions. Simulationresultsshow that this approach
is able to control the 3 d.o.f. of robot (and the 6 d.o.f. undersomeassumptions).
However, note that an imageprocessingstep is still requiredto extract the current
featurepoints. Our approachdoesnot requirethis step. Finally, in [15], the authors
presentanhomography-basedapproachto visual servoing. In this methodthe image
intensityof a planarpatchis �rst usedto estimatethe homography (using the ESM
algorithmdescribedin [15] for example)betweencurrentanddesiredimagewhich is
thenusedto build thecontrollaw. Despitethefactthat,asin our case,imageintensity
is usedasthebasisof theapproach,animportantimageprocessingstepis necessaryto
estimatethehomography. Furthermore,thevisualfeaturesusedin thecontrollaw rely
on thehomography matrixandnotdirectlyon theluminance.

In theremainderof this reportwe�rst computetheinteractionmatrix relatedto the
luminancein thegeneralcasein Section2 andin someparticularcasesin Section3.
Then, we reformulatethe visual servoing probleminto an optimizationproblemin
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Section4 andproposeanew controllaw dedicatedto thespeci�c caseof theluminance.
Section6 showsexperimentalresultsonvariousscenesfor severaltasks.

2 Luminance asa visual feature

Thevisual featuresconsideredin this reportarethe luminanceI of eachpoint of the
image.Wehave

s(r ) = I (r ) = (I 1� ; I 2� ; � � � ; I N � ) (3)

whereI k � is nothingbut thek-th line of theimage.I (r ) is thenavectorof sizeN � M
whereN � M is thesizeof theimage.An estimationof theinteractionmatrix is at the
centerof thedevelopmentof any visualservoing process.In our case,we arelooking
for theinteractionmatrix relatedto theluminanceof apixel in theimage,thatis

lim
dt ! 0

I (x ; t + dt) � I (x ; t)
dt

= L I (x)v (4)

x = (x; y) beingthenormalizedcoordinatesof theprojectionof a point P belonging
to thescene.

2.1 Interaction matrix under temporal luminanceconstancy

Beforecomputingthe interactionmatrix L I (x) in the generalcase,we �rst consider
thesimplercasewherethetemporalluminanceconstancy hypothesisis assumedasit
is donein mostof computervisionapplications:

I (x + dx ; t + dt) = I (x ; t) (5)

wherex denotesthenormalizedcoordinatesof theperspective projectionp of a phys-
ical point P andassumingthatp hasa smalldisplacementdx in thetime interval dt.
If dx is small enough,a �rst orderTaylor seriesexpansionof (5) aroundx canbe
performedyielding theso-calledoptical �ow constraint equation(OFCE)[16]

r I > _x + I t = 0 (6)

with r I thespatialgradientof I (x ; t)1 andI t = @I (x; t)=@t. Moreover, considering
theinteractionmatrixL x relatedto x (i.e. _x = L x x)

L x =
�

� 1=Z 0 x=Z xy � (1 + x2) y
0 � 1=Z y=Z 1 + y2 � xy � x

�
(7)

relation(6) gives
I t = �r I > L x v : (8)

However, notethatI t is nothingbut theleft partof (4). Consequently, from (4) and(8),
weobtaintheinteractionmatrixL I (x) relatedto I atpixel x

L I (x) = �r I > L x : (9)

Of course,becauseof the hypothesisrequiredto derive (5), (9) canonly be valid
for Lambertianscenes,that is for surfacesre�ecting the light with thesameintensity
in eachdirection. Besides,(9) is alsoonly valid for a motionlesslighting sourcewith
respectto thescene.

1Let uspoint out that thecomputationof r I is theonly imageprocessingstepnecessaryto implement
ourmethod.
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2.2 Interaction matrix in the generalcase

In fact, it is well known that theconstraint(5) canbeeasilyviolated[17], e.g. if the
orientationof a Lambertiansurfaceis changingwith respectto the lighting. Conse-
quently, many authorshave addressedthis problemin thecontext of computervision.
However, mostof theseworksrequiresaoff-line learningstepandrelieonthefactthat
an imageof a Lambertiansurface,without selfshadowing, canbe linearly expressed
from 3 imagesacquiredat thesamelocationundervariousillumination [18,19]. This
interestingpropertyis usedfor examplein [20–22]. This approachis extendedin [23]
to non-Lambertiansceneswherethe intensityvariationbetweendt is expressedasa
mixtureof causes,however without relying on a physicaldescriptionof there�ection
phenomenon.This latter work canbe seenas relatedto [24] sincethe illumination
changesaremodeledasa surfacethat evolvesover time. A generalframework has
beenproposedin [25] leadingto thefollowing relation:

I (x + dx ; t + dt) =
�
1 + m(x; t)

�
I (x ; t) + c(x; t): (10)

However, the coef�cients m(x; t) andc(x; t) areconsideredaslocally constant,and
thenareestimatednumerically. Nevertheless,all theseworks do not rely on a time-
varyingphysicalre�ection model.

A very interestingapproach,closeto our work, canbe found in [26]. Indeed,a
generalizationof (6) is presentedleadingto

r I > _x + I t =
dI
dt

(11)

wheredI =dt is analyticallycomputedaccordingto several physical modelsof lumi-
nancevariation. In particular, they studythecaseof a nonplanarLambertiansurface
undergoneto a rotationmotion.

As alreadystated,to derive the interactionmatrix, we have to considera morere-
alistic re�ection modelthantheLambert's one.Indeed,theLambert's modelcanonly
explainedthe behavior of non homogeneousopaquedielectricmaterial[27]. It only
describesadiffusere�ection componentanddoesnot take into accounttheviewing di-
rection.TheBeckmann-Spizzichinomodel[28] is basedontheelectromagnetismlaws
andon themodelingof thesurfaceasperities.It canthustake into accountelectrical
conductorsor not, eitherif thesurfaceis smoothor rough. ConcerningtheTorrance-
Sparrow model[29], it is basedon thegeometricalopticsequations,andthusit is re-
strictedto caseswherethesizeof thesurfaceasperitieswidely exceedsthewavelength
of the incidentlight. This modelcanthusnot beusedwith roughmaterial.However,
all thesemodelsarebasedon numerousunknownsparametersthataredif�cult to ex-
tracton line. That is why preferto usea simplermodel,thePhongone[30]; contrary
to thepreviousmodels,this modelis not basedon physical laws, but comesfrom the
computergraphicscommunity. Althoughempirical,this modelis widely usedthanks
to its simplicity, andbecauseit is appropriatefor varioustypesof materials,whether
they are rough or smooth. Note that other modelscould be consideredsuchas the
Blinn-Phong[31] asreportedin [32].

Accordingto thePhongmodel(seeFig. 1), the intensityI (x) at point x writesas
follows

I (x) = K s cosk � + K d cos� + K a : (12)

This relationis composedof a diffuse,a specularandanambientcomponentandas-
sumesa point light source. The scalarK s describesthe specularcomponentof the
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Figure1: ThePhongilluminationmodel[30].

lighting; K d describesthepartof thediffusetermwhich dependson thealbedoin P;
K a is the intensityof ambientlighting in P. NotethatK s; K d andK a dependon P.
� is theanglebetweenthenormalto thesurfacen in P andthedirectionof the light
sourceL ; � is theanglebetweenR (which is L mirroredaboutn) andtheviewing di-
rectionV . R canbeseenasthedirectiondueto apurespecularobject,wherek allows
to modelthewidth of thespecularlobearoundR , this scalarvariesasthe inverseof
theroughnessof thematerial.

In theremainderof this report,theunit vectorsi ; j andk correspondto theaxisof
thecameraframe(seeFig. 1).

ConsideringthatR ; V andL arenormalized,wecanrewrite (12)as

I (x) = K su1
k + K du2 + K a (13)

whereu1 = R > V while we have u2 = n> L . Note that thesevectorsareeasyto
compute,sincewehave

V = �
x

k x k
(14)

R = 2u2n � L : (15)

In thegeneralcase,weconsiderthefollowing dependences
8
>><

>>:

V = V
�
x(t)

�

n = n
�
x(t); t

�

L = L
�
x(t); t

�

R = R
�
x(t); t

�
:

(16)

Fromthede�nition of theinteractionmatrix givenin (4), its computationrequires
to write thetotal derivative of (13)

_I = kK suk � 1
1 _u1 + K d _u2: (17)

However, it is alsopossibleto compute_I as

_I = r I > _x + I t = r I > L x v + I t (18)

wherewe have introducedthe interactionmatrix L x associatedto x. Consequently,
from (17)and(18),weobtain

I t + r I > L x v = kK suk � 1
1 _u1 + K d _u2 (19)

thatis ageneralformulationof theOFCEconsideringthePhongilluminationmodel.
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Thereafter, by explicitly computingthetotal timederivativeof u1 andu2 andwrit-
ing

_u1 = L >
1 v and _u2 = L >

2 v ; (20)

weobtaintheinteractionmatrix relatedto theintensityatpixel x in thegeneralcase

L I = � r I > L x + kK su1
k � 1L >

1 + K dL >
2 : (21)

Notethatwerecoverheretheinteractionmatrix � r I > L x associatedto theinten-
sity undertemporalconstancy (see(9)), i.e. in theLambertiancase(K s = 0) andwhen
_u2 = 0 (i.e. thelighting directionis motionlesswith respectto thepointP).

Wenow computethevectorsL 1 andL 2 involvedin (20) to explicitly computeL I .

2.2.1 Computation of L 2

Thiscomputationrequiresto write

_u2 = L > _n + n> _L : (22)

In thegeneralcaseof thetimedependencesgivenby (16), (22)becomes

_u2 = L >
�

Jn _x +
@n
@t

�
+ n>

�
JL _x +

@L
@t

�
(23)

=
�
L > Jn + n> JL �

_x + L > @n
@t

+ n> @L
@t

(24)

whereJn andJL expressrespectively the Jacobianmatricesrelatedto n andL with
respectto x.

However, if we want to express@n=@t and@L=@t in function of the camerave-
locity v , we have to do somehypothesisabouthow n andL move with respectto the
observer. Weconsidertwo cases.

� Light sourcemotionlesswith respectto theobjectframe. To compute@n=@t, we in-
troducethematrix cR o whichdescribestherotationbetweenthecameraandtheobject
framessuchthatn = cR o

on whereon expressesn in theobjectframe.Therefore,

@n
@t

= c _R o
on = c _R o

cR >
o n = � ! � n: (25)

Notethatwesimilarly have
@L
@t

= � ! � L : (26)

In thatcase,it is straightforwardto show that

@u2

@t
= L > @n

@t
+ n> @L

@t
(27)

= 0 (28)

whichdirectlygivesfrom (24)

L >
2 =

�
L > Jn + n> JL �

L x (29)

wherewehave introducedtheinteractionmatrix relatedto x.
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� Light source mountedon the camera. We thus have L = � k. In that case,the
equationsbecomesimplersincewehave JL = 0 and@L=@t = 0.

Let usrewrite _u2 from (24)wherewehave introducedL x and(25)

_u2 = �
�
k> Jn �

L x v � k> �
n � !

�
(30)

= � r n>
z L x v +

�
n � k

� >
! : (31)

Therefore,by introducingthefollowing vector

L >
4 =

�
0 0 0 (n � k)> i (n � k)> j 0

�
; (32)

L >
2 expressesasfollows

L >
2 = � r n>

z L x + L >
4 : (33)

2.2.2 Computation of L 1

Let us recall thatu1 = R > V leading,by consideringthe time dependencesgiven in
(16), to

_u1 = V > _R + R > _V (34)

whichgives

_u1 = V >
�

JR _x +
@R
@t

�
+ R > JV _x (35)

=
�
V > JR + R > JV �

_x + V > @R
@t

(36)

whereJR andJV expressrespectively theJacobianmatricesrelatedto R andV with
respectto x. In addition,sinceR is a functionof L andn (see(15)),wehave

@R
@t

= 2
�

@u2

@t
n + u2

@n
@t

�
�

@L
@t

(37)

andaftersomemanipulationsdetailedin appendix

JR = 2n
�
L > Jn + n> JL �

+ 2u2Jn � JL : (38)

Thecomputationof JV is quitesimple,it is givenby

JV =
1

kx k3

2

4
� (1 + y2) xy

xy � (1 + x2)
x y

3

5 : (39)

At this step,aswe did for thecomputationof L 2, we considerthecaseswhenthe
light sourceis motionlesswith respectto theobjectframeor whenthe light sourceis
mountedon thecamera.

� Light sourcemotionlesswith respectto theobjectframe. From(27), (25) and(26),
(37)becomes

@R
@t

= 2u2(n � ! ) � (L � ! ) = R � ! (40)

andby introducingthevectorL >
3 suchas

V > @R
@t

= L >
3 v (41)

=
�

0 0 0 W > i W > j W > k
�

v (42)
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with W = V � R , weobtainL >
1 from (36)by introducingL x

L >
1 =

�
V > JR + R > JV �

L x + L >
3 : (43)

� Light source mountedon the camera. Recall that we have in this caseL = � k
leadingto JL = 0 and@L=@t = 0.

To rewrite _u1 givenin (36),we �rst compute(37)usingu2 = � k> n

@R
@t

= � 2
�

k> @n
@t

n + k> n
@n
@t

�
(44)

leadingby using(25) to

V > @R
@t

= � 2
�
k> �

n � !
�
V > n + k> nV > �

n � !
��

(45)

= � 2
�
n> V

�
k � n

�> ! + k> n
�
V � n

�> !
�
: (46)

Consequently, by introducingthevectorL >
5 suchas

V > @R
@t

= L >
5 v (47)

=
�

0 0 0 L 5x L 5y L 5z
�

v (48)

with 8
><

>:

L 5x = 2
�
n> V (n � k)> + k> n

�
n � V

� > �
i

L 5y = 2
�
n> V (n � k)> + k> n

�
n � V

� > �
j

L 5z = 2k> n
�
n � V

� >
k

(49)

weobtainfrom (36)

L >
1 =

�
V > JR + R > JV �

L x + L >
5 : (50)

Let uspointout thatJR becomesalsosimpler

JR = 2n
�
L > Jn �

+ 2u2Jn (51)

= � 2
�
n

�
k> Jn �

+ n> kJ n �
(52)

= � 2
�
nr n>

z + nzJn �
: (53)

3 Interaction matrix in someparticular cases

In classicalvisualservoing theinteractionmatrix is veryoftencomputedat thedesired
position[1]. This way to proceedavoid to computeon-line 3D informationlike the
depthsfor example. We alsoconsiderthis casein this section. More precisely, we
considerthat,at thedesiredpositionthedepthof all thepointswheretheluminanceis
measuredareequalto aconstantvalueZ � . Thatmeansthatweconsiderthattheobject
is planarandthatthecameraandtheobjectplanesareparallelat thisposition.
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3.1 Light source motionlesswith respectto the object frame and
locatedat in�nity

Thiscaseis depictedon�gure 2. Sincetheobjectis planar, n doesnolongerdependon
x, thenJn = 0. Similarly, sincethelight sourceis at in�nity , L doesnot dependon x
andthusJL = 0. In addition,sincetheanglebetweenn andL is constant,u2 = n> L
is constant.

Consequently, it is easyto show from (29) thatL >
2 = 0.

For L >
1 , sinceJn = JL = 0, wehavealsoJR = 0 (see(38)), leadingfrom (43) to

L >
1 = R > JV L x + L >

3 : (54)

Thus,L >
1 canbeeasilycomputed.All computationsdone,weobtain

L >
1 =

1

Z kx k3

�
L 1x L 1y L 1z 0 0 0

�
(55)

with 8
><

>:

L 1x =
�
1 + y2

�
Rx � xyRy � xR z

L 1y = � xyRx +
�
1 + x2

�
Ry � yRz

L 1z = � xR x � yRy +
�
x2 + y2

�
Rz

(56)

whereRx ; Ry ; Rz arethecomponentsof R . Note that to computeR theposeof the
camerawith respectto the objectis required.However, if we considerthe particular
casewherethecameraandtheobjectplaneareparallel,we have n = � k which leads
to

R = � 2u2k � L (57)

thatcanbeeasilyevaluated.
As canbe seen,even if the computationof the vectorsL 1 andL 2 to derive the

interactionmatrix is not straightforward,their �nal expressionis very simpleandeasy
to compute.

3.2 Interaction matrix when the light source is mounted on the
cameraand computedat the desiredposition

This caseis depictedon the�gure 3. Here,sinceJn = 0 andn = � k, from (32) and
(33), it is straightforwardto show thatL >

2 = 0. Besides,sincen = � k andL = � k,
wehave R = � k. Wealsohave JR = 0. Consequently, from (50),L >

1 becomes

L >
1 = � k> JV L x + L >

3 (58)

while L >
3 becomesfrom (49)

L >
3 =

�
0 0 0 � 2V > j � 2V > i 0

�
: (59)

Usingexplicitly V , JV andL x , wesimplyobtain

L >
1 =

1
kx k

�
x
�Z

y
�Z

�
x2 + y2

�Z
y � x 0

�
(60)

where �Z = Z � k x k2.
Hereagain, the�nal expressionof L 1 andL 2 is verysimpleandeasyto compute.
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i

Figure2: Light sourcelocatedat in�nity andcameraandobjectplanesparallel.

k

i

P

n; L

Figure3: Light sourcemountedonthecamerafor aplanarobjectwhenthecameraand
theobjectplanesareparallel.

4 Visual servoing control law

Sincetheinteractionmatrixassociatedto theluminanceis now known, thecontrollaw
canbederived.However, weturnherethevisualservoingprobleminto anoptimization
problemasproposedin [33].

4.1 Visual servoing asan optimization problem

Differentcontrol laws canbederivedregardingtheminimizationtechniqueoneuses.
Let usrecallthatthegoalis to minimizethefollowing costfunction

C(r ) =
1
2

k I (r ) � I (r � ) k2 (61)

wherer describesthe currentposeof the camerawith respectto the object (it is an
elementof R3 � SO(3)) andwherer � is thedesiredpose.Severalmethodsaredetailed
in [33], weonly giveherethemostinterestingresultswhile focusingonthedifferential
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approaches.In thatcase,astepof theminimizationschemecanbewrittenasfollows

r k+1 = r k � tk d (r k ) (62)

where“ � ” denotestheoperatorthatcombinestwo consecutive frametransformations,
r k is thecurrentpose,tk is apositivescalar(thedescentstep)andd (r k ) adirectionof
descentensuringthat(61)decreasesif

d (r k )> rC (r k ) < 0: (63)

In that case,the following velocity control law canbe derived consideringthat t k is
smallenough

v = � k d (r k ) (64)

where� k is ascalarthatdependsontk andonthesamplingrate.It is oftenchosenasa
constantvalue.In theremainderof thereportwe will omit thesubscriptk for thesake
of clarity.

4.1.1 Steepestdescent(gradient method)

Thedirectionof descent(usedfor examplein [34]) is simply

d (r ) = �rC (r ) (65)

where

rC (r ) =
�

@I
@r

� >

(I (r ) � I (r � )) : (66)

Sincewehave _I =
@I
@r

_r = L I v , weobtainthefollowing controllaw

v = � � L >
I

�
I (r ) � I (r � )

�
: (67)

4.1.2 Gauss-Newton

Whenr k lies in aneighborhoodof r � , I (r ) canbelinearizedaroundI (r k ) andplugged
into (61). Then,afterhaving zeroedits gradient,weobtain

d (r ) = �

 �
@I
@r

� > �
@I
@r

� ! � 1

rC (r ) (68)

thatbecomesusing(66)
v = � � L +

I

�
I (r ) � I (r � )

�
(69)

which is nothingbut (2), thatis thecontrollaw usuallyused.

4.1.3 Newton

If we locally approximateC(r ) by its secondorderTaylor seriesexpansionin r k and
cancelits gradient,wehave

d (r ) = �
�
r 2C(r )

� � 1
rC (r ) (70)
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with

r 2C(r ) =
�

@I
@r

� > �
@I
@r

�
+

i = dim IX

i =1

r 2si (I i (r ) � I i (r � )) : (71)

This approachhasbeenconsideredin [35] for example. Note that the vector d(r )
is really a directionof descentif r 2C(r ) > 0 holds (see(63)). Note also that the
Newton's andGauss-Newton's approachesareequivalentin r � .

4.1.4 Levenberg-Marquardt

Thismethodconsidersthefollowing direction

d(r ) = �
�
G + � diag(G)

� � 1
rC (r ) (72)

whereG is usuallychosenasr 2C(r ) or moresimplyas
�

@I
@r

� > �
@I
@r

�
leadingin that

lastcaseto
v = � �

�
H + � diag(H )

� � 1
L >

I

�
I (r ) � I (r � )

�
(73)

with H = L I
> L I . Theparameter� makespossibleto switch from a steepestdescent

like approachto a Gauss-Newton one thanksto the observation of (61) during the
minimizationprocess.Indeed,when� is veryhigh(73)behaveslike(67)2. In contrast,
when� is very low (73)behaveslike (69).

4.1.5 ESM

In [33] a secondordermethodwhich doesnot requiredthecomputationof r 2C(r ) is
presented.Indeed,wehave

v = � �
�
L I + L I �

� + �
I (r ) � I (r � )

�
: (74)

In contrastwith theclassicalminimizationalgorithms,thisapproachtakesbene�t from
thebehavior of thecostfunctionthatis known in theneighborhoodof theminimum.

4.2 Analysisof the costfunction

Sincetheconvergenceof thecontrol laws describedin Section4.1 highly dependson
thecostfunction(61),we focushereon its shape.

To do that,we considerthevectorI (r ) givenby (3). We write r = (t ; u� ) where
t = (tx ; ty ; tz ) describesthetranslationpartof thehomogeneousmatrix relatedto the
transformationfrom thecurrentto thedesiredframe,while its rotationpartis expressed
underthe form u� whereu representstheunit rotationaxisvectorand� the rotation
anglearoundthisaxis.

As anexample,Fig. 4b,e,h, k, n andFig. 4c,f, i, l ando describetheshapeof cost
functions(61) in thesubspace(tx ; � y ) whenthescenebeingobservedis planar(seethe
�gures 4a,d, g, j andm) andwhenthedesiredposeis suchthat the imageplaneand
theobjectplaneareparallelat thedepthZ � = 80 cm. Let uspoint out that this is the
mostcomplex case(with its dualcase(ty ; � x )). Indeed,it is well known thatit is very
dif�cult to distinguishin animageanx axistranslationalmotion(respectively y) from

2Moreprecisely, eachcomponentof thegradientis scaledaccordingto thediagonalof theHessian,which
leadsto largerdisplacementsalongthedirectionwherethegradientis low.
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Figure4: Cost function for differentobjects. First column: objectbeingobserved,
secondcolumn:shapeof thecostfunctionin thesubspace(t x ; � y ), third column: iso-
contoursin thesubspace(tx ; � y ). Thereis alwaysa narrow valley at themiddleof a
gentleslopeplateauwith nonconstantslope.
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a y axisrotationalmotion(respectively x). It explainswhy thecostfunctionis low in
a preferentialdirection,asclearlyshown on Fig. 4b,e,h, k, n andFig. 4c, f, i, l ando.
In addition,thecostfunctionshighly dependson theposer sincethey rapidly increase
aftertheirminimum(seeFig. 4b,e,h, k andn). Moreover, ascanbeseen,theshapeof
thecostfunctions(61) doesnot dependtoo muchon thescenecontentassoonasthe
imagedoesnot containperiodicpatternsor strongchangesof the spatialgradient. It
alwaysshowsanarrow valley at themiddleof agentleslopeplateauwith nonconstant
slope.Notethat(61) is only quasiconvex, moreover onaverysmalldomain.

Let usstudymoreprecisely(61) in aneighborhoodof r � . To do that,weperforma
�rst orderTaylor seriesexpansionof thevisualfeaturesI (r ) aroundr � by

I (r ) = I (r � ) + L I � �r (75)

where�r denotestherelativeposebetweenr andr � . Therefore,by plugging(75) into
(61), thecostfunctioncanbeapproximatedin aneighborhoodof r �

dC(r ) = �r > H � �r (76)

with H � = L >
I � L I � . Due to thecomplexity of the interactionmatrix, we restrictthis

studyto theLambertiancase.In practice,becauseof thespecialform of the interac-
tion matrix given in (9) (its translationpart containstermsrelatedto the depths),the
eigenvaluesof thematrix H � arevery different(unfortunately, only numericalresults
canbe obtainedbecauseof the complexity of this matrix). This resultalsoholdsfor
mostof thegeometricalvisualfeatureswherea termrelatedto thedepthoccursin the
translationalpartof theinteractionmatrix. Consequently, in thesubspace(t x ; � y ) (re-
spectively (ty ; � x )), thecostfunction is anelliptic paraboloidwith a very high major
axis with respectto its minor axis leadingconsequentlyto nearparallel isocontours
asshown on Fig. 4c, f, i, l ando. Moreover, the eigenvectorsof H � point out some
directionswherethecostfunctiondecreasesslowly whenits associatedeigenvalueis
low or decreasesquickly whenits associatedeigenvalueis high. In thecaseof Fig. 4c,
f, i, l ando, the eigenvectorassociatedto the smallereigenvaluecorrespondsto the
valley wherethecostvariesslowly. In contrast,it variesstronglyalonganorthogonal
direction,thatis in a directionnearrC (r ). We will usethis knowledgeaboutthecost
functionin thenext sectionto derive anef�cient controllaw.

4.3 Positioning tasks

As shown in Section4.1, severalcontrol laws canbeusedto minimize(61). We �rst
usedtheclassicalcontrol laws basedon theGauss-Newton approachandtheESM ap-
proach[33,36]. Unfortunately, they all failed,eitherbecausethey divergedor because
they led to unsuitable3D motion.Therefore,anew controllaw hasto bederived.

Indeed,sincethe generalform of the costfunction is known (seeFig. 4b, e, h, k
andn), we proposethefollowing algorithmto reachits minimum. Thecamerais �rst
moved to reachthevalleys andnext alongtheaxesof thevalleys towardsthedesired
pose.The�rst stepcanbeeasilydoneby usingagradientapproach.However, asseen
on Fig. 4c, f, i, l ando, the directionof rC (r ) is constantbut its amplitudeon the
plateauis notconstant(seeFig. 4b,e,h, k andn) sincetheslopevaries.Wecouldtune
theparameter� involved in (67) to ensuresmooth3D velocities.However, a simpler
approachto achieve thisgoalconsistsin usingthefollowing controllaw

v = � vc
rC (r init )

k rC (r init ) k
: (77)
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Thatis, aconstantvelocitywith normvc is appliedin thesteepestdescentcomputedat
the initial camerapose.Consequently, this �rst stepbehavesasanopen-loopsystem.
To turn into a closed-loopsystem,we �rst detectroughly the bottom of the valley
from a 3rd orderpolynomial�ltering of C(r ) andthenapply the control law (73). In
addition,ratherto control the parameter� asin the Levenberg-Marquardtalgorithm,
a differentway to proceedis usedasdetailedbelow. We denoteMLM this methodin
theremainderof thereport. Insteadof usingfor thematrix H theHessianof thecost
function,weuseits approximationL I

> L I . Theresultingcontrollaw is thengivenby

v = � � (H + � diag(H )) � 1 L I
> (I (r ) � I (r � )) (78)

with H = L I
> L I .

We now detail how � is tuned. Fig. 5a shows the pathsobtainedwith the MLM
algorithm in the casewherer init = (8 cm, 4 cm, -10 cm, 3� , -3� , -5� ) for various
choicesof � . If a high value is used,after the open-loopmotion, the bottomof the
valley is easilyreached(seeFig. 5awhen� = 1) since(78) behavesin this caselike a
steepestdescentapproach.But in thiscase,sincethevalley is narrow, theconvergence
ratetowardstheglobalminimum(following thedirectionof theaxisof thevalley) is
very low (seeFig. 5b). In contrast,if � is low, (78)behaveslikeaGauss-Newton(GN)
approachandthedecreaseof thecostfunctionis fasterbut, theconvergenceis nomore
ensured(seethelargermotionneartheminimumon Fig. 5awhen� = 10� 3). As can
be seen,an intermediatevalue(� = 10� 2) hasto be chosento ensurea correctpath
(Fig. 5a)anda high convergencerate(Fig. 5b). Therefore,this valuehasbeenchosen
in theexperimentsdescribedin thenext section.

5 Experimental results

In all theexperimentsreportedhere,thecamerais mountedon a 6 degreesof freedom
gantryrobot.Controllaw is computedonaCore2 Duo3GzPCrunningLinux. Image
areacquiredat66HzusinganIEEE1394camerawith a resolutionof 320� 240. The
sizeof thevectors is then76800. Despitethis size,the interactionmatrix L I canbe
computedateachiterationif needed.
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Figure5: In�uence of � . (a)Pathin thesubspace(tx ; � y ) for r = (8 cm,4 cm,-10cm,
3� , -3� , -5� ), (b) Logarithmof thecostfunctionversustime in second.
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5.1 Positioning tasksunder temporal luminanceconstancy

Weassumein thissectionthattheluminanceI (x) atagivenpixel is constant.To make
thisassumptionasvalid aspossible,adiffuselighting asbeenusedsothatI (x) canbe
consideredasconstantwrt to theviewing direction.

The goal of the �rst experimentis to comparethe control laws basedon GN and
MLM approacheswhentheobjectdescribedonFig. 4ais considered.Theinitial error
posewas�r init = (5 cm,-23 cm,5 cm,-12.5� , -8.4� , -15.5� ). Thedesiredposewas
sothat theobjectandCCD planesareparallelat Z � = 80 cm. Theinteractionmatrix
hasbeencomputedat eachiterationbut assumingthatall thedepthsareconstantand
equalto Z � , which is of courseacoarseapproximation.

Fig. 6a depictsthe behavior of costfunctionsusingthe GN methodor the MLM
methodwhile Fig. 6b depictsthe trajectories(expressedin the desiredframe)when
usingeithertheGN or theMLM method.Fig. 6c andFig. 6d depictrespectively the
cameravelocity. The initial and�nal imagesarereportedrespectively on Fig. 6eand
Fig. 6f; First, as can be seenon Fig. 6a, both the control laws converge sincethe
costfunctionsvanish.However, thetime-to-convergencewith theGN methodis much
higherthantheoneof theMLM method.The trajectorywhenusingtheGN method
is also shaky comparedto the one of the MLM method(Fig. 6b). The velocity of
thecamerawhenusingtheMLM methodis smootherthanwhenusingtheGN method
(Fig.6dandFig.6c). ThisexperimentclearlyshowsthattheMLM methodoutperforms
theGN one. Note that in bothcasesthepositioningerrorsis very low, for theMLM
methodwe obtained�r = (0.26mm,0.30mm,0.03mm,0.02� , -0.02� , 0.03� ). It is
very dif�cult to reachsolow positioningerrorswhenusinggeometricvisual features.
Indeed,theseniceresultsareobtainedbecauseI � I � is verysensitive to theposer .

The goal of the next experimentis to show that,even if the luminanceis usedas
a visual feature,our approachdoesnot dependtoo muchon the texture of the scene
beingobserved. Fig. 7 depictsthe behavior of our algorithm for the planarobjects
respectively given by Fig. 4d, g, j, m andp (the initial aswell asthe desiredposeis
unchanged).As canbeseen,thecontrol law convergesin eachcases,evenin thecase
of a low texturedscene(Fig. 4d andg). Let uspoint out thatsimilar positioningerrors
thanfor the�rst experimenthave beenobtained.

Thethird experimentdealswith partialocclusions.Thedesiredobjectposeaswell
as the initial posearestill unchanged.After having moved the camerato its initial
position,anobjecthasbeenaddedto thescene,sothattheinitial imageis now theone
shown in Fig. 8aandthedesiredimageis still theoneshown in Fig. 6f. Moreover, the
objectintroducedin thesceneis alsomovedby hand,asseenin Fig. 8b andFig. 8c,
which highly increasesthe occludedsurface. Despitethat, the control law still con-
verges(seeFig. 8f). Of course,sincethe desiredimageis not the true one,the error
cannotvanishat theendof themotion(seeFig. 8f). Nevertheless,thepositioningerror
is not affectedby the occlusionssincethe �nal positioningerror is �r = (-0.1mm,
2 mm, 0.3mm, 0.13� , 0.04� , 0.07� ) and it is very similar with the previous experi-
ments.This very nicebehavior is dueto thehigh redundancy of thevisualfeatureswe
use.

The goal of the last experimentis to show the robustnessof the control law wrt
the depths. For this purpose,a non planarscenehasbeenusedasshown on Fig. 9.
It shows that large errorsin the depthare introduced(the heightof the castletower
is around30 cm). The initial anddesiredposesareunchanged.Fig. 10 depictsthis
experiment.Hereagain, thecontrol law still converges(despitetheinteractionmatrix
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Figure6: First experiment.MLM vs. GN method(x axis in second).(a) Comparison
of costfunctions,(b) Comparisonof cameratrajectories,(c) Cameravelocities(m/sor
rad/s)for theGN method,(d) Cameravelocities(m/sor rad/s)for theMLM method,
(e) Initial image,(f) Final image.

hasbeenestimatedat a constantdepthZ � = 80 cm) andthe positioningerror is still
low sincewehave �r = (0.2mm,-0.0mm,0.1mm,-0.01� , 0.00� , 0.06� ).

5.2 Positioning tasksunder complexillumination

In this sectionwe considerthemorecomplex casewhenthetemporalluminancecon-
stancy luminancecannomorebeassumed.

5.2.1 Light source motionlesswith respectto the object frame and located at
in�nity

In this setof experimentsa uniquedirectionallight hasbeenaddedto thescenewith
a 45o rotationaroundthevectorj of thecameraframe(seeFig. 2 for an illustration).
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Figure7: Secondexperiment(x axis in second).Behavior of thealgorithmwrt to the
objectsrespectively representedon Fig. 4d, g, j andm: (a), (c), (e) and(g) Camera
velocities(m/sor rad/s),(b), (d), (f) and(h) Costfunctions.
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Figure8: Third experiment.Occlusions(x axisin second).(a) Initial image,(b) Image
at t � 11 s, (c) Imageat t � 13 s (d) Final image,(e) Cameravelocities(m/sor rad/s),
(f) Costfunction,(g) I � I � at theinitial position,(h) I � I � at theendof themotion.
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Figure9: Thenonplanarscene.

-0.03

-0.025

-0.02

-0.015

-0.01

-0.005

 0

 0.005

 0.01

 0.015

 0.02

 0  5  10  15  20  25  30  35  40  45

vx
vy
vz
wx
wy
wz

 0

 1e+08

 2e+08

 3e+08

 4e+08

 0  5  10  15  20  25  30  35  40  45

(a) (b)

(c) (d)

(e) (f)

Figure10: Fourthexperiment.Robustnesswrt depths(x axis in second).(a) Camera
velocities(m/sor rad/s),(b) Costfunction,(c) Initial image,(d) Final image,(g) I � I �

at theinitial position,(h) I � I � at theendof themotion.
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This light producesan importantspecularityon the sceneandthenon the image(as
canbeshown onFigures12band 13b).

For this �rst experimenttheinitial positioningerrorwas�r = (-23mm; -201mm;
93mm; -17.7� ; 1.5� ; -4.8� ). First, let usnotethat in bothcases(Lambertianmodelor
thenew proposedmodel)therobotconvergetowardthedesiredposition(seeFig. 11).
Neverthelesstheconvergenceratewhenconsideringexplicitly specularitiesis always
fasterandsmoother(thisis dueto abetterestimationof thegradientof thecostfunction
kek2 thatis usedin theminimizationprocess).

A similarexperiment,althoughwith alargerinitial error, is shown onFigure12. In-
deed,theinitial positioningerroris �r = (-24mm; -176mm; 86mm; -13.75� ; -6.76� ;
-30.53� ). A similar behavior canbeobserved. Imagesshows thecurrentimages(im-
ages0, 300 and900) and the correspondingerror I � I � . Note that the specularity
canbemainly seenneartheheadof thefootball playerbut ascanbeseenon theright
images,it is in factlocatedall aroundtheimage.The�nal positioningerroris still very
low sincewehave �r = (1 mm; 0.04mm; 0 mm; 0.04� ; 0.08� ; 0.1� ).

Thethird experiment(seeFig. 13)describesthesameexperimentbut with another
andlesstexturedscene.Hereagain a largespecularitycanbeseenin the image.De-
spitethesedif�culties, thecameraconvergessmoothlytowardthedesiredposition.The
error I � I � is displayedon the top of Figure13. The �nal positioningerror is here
againvery low, wehave �r = (0 mm; 0.02mm; 0.02mm; 0.01� ; 0.01� ; 0.05� ).

5.2.2 Light sourcemountedon the camera

In this setof experimentsa light-ring is locatedaroundthecameralens(seeFig. 14).
Thereforethe light direction is alignedwith the cameraoptical axis asdescribedon
Figure3 andthus it is moving with respectto the scene.This is the uniquelight in
the scene. Note that, obviously, its direction is no more constantwrt the sceneas
previously. The initial positioningerrorandthedesiredposearestill unchanged(but
with Z � = 70cm). The interactionmatrix hasbeenestimatedat the desiredposition
using(60) to computeL >

1 while L >
2 = 0 (seesection3.2). For all the experiments

usingthecompleteinteractionmatrixweusedk = 100andK s = 200(see(21)).
As canbe seenon Fig. 15, the specularitiesarevery importantandconsequently

theirmotionsin theimageareimportant(for examplethespecularitycanbeseenat the
bottomof theimagein the�rst imagewhereasit hasmovedto themiddleat theendof
thepositioningtask). It alsoalmostsaturatestheimagemeaningthat few information
areavailablearoundthespecularity. Thebehavior of therobot is bettersincethecon-
vergenceis fasterandsmootherwhenthecompletemodelis considered(seeFig. 15a
andFig. 15.bandc).

5.3 Tracking tasks

Ourgoalis now to performatrackingtaskwith respectto amoving object.Thatis, we
have to maintaina rigid link betweenthetarget to trackandthecamera.The lighting
conditionsarethe sameasthosedescribedin section5.2.2aswell asthe interaction
matrix. However, the GN methodhasbeenusedinsteadof the MLM methodsince
therelativeerrorposebetweenthedesiredandthecurrentframesis consideredaslow.
The object is still planar(a photo),and it is attachedto a motorizedrail that allows
to control its motion(seeFig. 16). Althoughonly oned.o.f of theobjectis controlled
(with a motion that is completelyunknown from the trackingprocess),the 6 d.o.f of
therobotarecontrolled(theobjectvelocity is 1 cm/s).Sincewehaveaconstanttarget
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Figure11: Positioningtaskwith a light sourcemotionlesswith respectto the object
frameandlocatedat “in�nity” (x axis in secondfor (a), (c) and(e), framenumberfor
(b) and(d)) . (a) costfunctionwith a Lambertianmodel(green)andcompletemodel
(red),(b) positioningerror(in m, rad)and(c) cameravelocity for aLambertianmodel,
(d) positioningerror(in m, rad)and(e) cameravelocity for thecompletemodel.

velocity, a simpleintegratoris consideredin orderto vanishthesteadystatetracking
errorasproposedin [37].

As canbeseenon theimagesof Figures17 (�rst rows) and18.c,specularitiescan
be seenin the imageacquiredby the camera. Figure17 shows the behavior of the
controllaw whentheinteractionmatrixwascomputedonly undertemporalluminance
constancy hypothesis(givenby equation(9)). This �gure shows thatthetrackingtask
quickly failed(thesecondrow shows theerrorI � I � , whentheerroris null theimage
is completelygray).

Thesameexperimentwasnow consideredbut with a full illumination model. As
shown in Figures18aand18cthetrackingis perfectlyachievedsincetheerrorI � I �

RR n° 6631



Photometricvisualservoing 27

 0

 5e+07

 1e+08

 1.5e+08

 2e+08

 2.5e+08

 3e+08

 3.5e+08

 4e+08

 4.5e+08

 5e+08

 0  20  40  60  80  100  120

(a)

(b)

Figure12: Positioningtaskwith a light sourcemotionlesswith respectto the object
frameandlocatedat“in�nity”. (a)costfunction(x axisin second)(b) imagesacquired
duringthepositioningtask(left) anderrorimageI � I � (right).

is almostnull despitethe occurrenceof a specularitywhich shows the importanceof
suchtermsin thetrackingprocess.Whenthevelocity is constanttheobjectis perfectly
trackedascanbeseenon Figure18awherek I � I � k is depicted. Error in theimage
remainssmallexceptwhentheobjectstopsor accelerates(seethepeaksin Figure18a).
Thecameravelocity (seeFigure18b)shows a puremotionalongthex (� 1cm/s)axis
that correspondsto thegroundtruth. For eachpixel, exceptduringaccelerationsand
decelerations,jI � I � j < 5.

In thesecondexperiment,we move theobjectby handasseenon the �rst row of
Figure19c. Therelatedimagesacquiredby thecameraareshown on thesecondrow.
We thenhave a morecomplex 3D objectmotion.Notethatall the6 d.o.f. of therobot
arecontrolled(seeFig. 19b). Theerrork I � I � k is shown in Figure19awhile I � I �
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Figure13: Positioningtaskwith a light sourcemotionlesswith respectto the object
frameandlocatedat“in�nity”. (a)costfunction(x axisin second)(b) imagesacquired
duringthepositioningtask(left) anderrorimageI � I � (right).

is shown on thethird line of Figure19c. Whentheobjectis moving theerror is more
importantthanduring thepreviousexperiment.This is dueto the fact that,sincethe
objectvelocity is obviously no moreconstant,it is no longerpossibleto consideran
integral term leadingto classicaltrackingerrors. In contrast,whenthe motion stops
thecameramovesto reducetheseerrors(iterations5300and9500).

6 Conclusionand futur eworks

We have shown in this reportthat it is possibleto usedirectly theluminanceof all the
pixels in an imageasvisual featuresin visualservoing. To thebestof our knowledge
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Figure14: Cameraandlight-ring mountedon therobotend-effector.

this is the�rst time thatvisualservoing hasbeenhandledwithout any imageprocess-
ing (exceptthe imagespatialgradientrequiredfor thecomputationof the interaction
matrix) nor learningstep. Indeed,unlike classicalvisual servoing wheregeometrical
featuresareused,usingphotometricvisual servoing doesnot needany matchingbe-
tweentheinitial anddesiredfeatures,norbetweenthecurrentandthepreviousfeatures.
It is a very importantissuewhencomplex sceneshave to be considered.To do that,
the interactionmatrix hasbeenanalyticallycomputed.This computationis basedon
anillumination modelableto tacklecomplex illumination variationsof thescene,it is
alsoableto tacklenonLambertianscenes.Ourapproachhasbeenvalidatedonvarious
scenesandvariouslightings(diffuseor not)aswell asonpositioningor trackingtasks.
Concerningpositioningtasks,thepositioningerroris alwaysvery low. Supplementary
advantagesare that our approachis not sensitive to partial occlusionsand to coarse
approximationsof thedepthsrequiredto computetheinteractionmatrix. Let uspoint
out thatevenin casesof nonLambertianscenes,thesimpleinteractionmatrixbasedon
thetemporalluminanceconstancy hypothesisleadsto agoodbehavior andto very low
positioningerrors.Futurework will concernthecasewhentheintensityof thelighting
sourcemayvaryduringtheservoing.

Appendix

Denoting' = f x; y; zg, oneelementof (15)writesas

R' = 2u2n ' � L ' (79)

whichgives
r R' = 2

�
n ' r u2 + u2r n '

�
� r L ' (80)

leadingto

JR =

2

6
4

r R>
x

r R>
y

r R>
z

3

7
5 = 2nr u>

2 + 2u2Jn � JL (81)

wherer u2 is thespatialgradientof u2 givenby

r u2 = Jn > L + JL >
n: (82)

that�nally yields

JR = 2n
�
L > Jn + n> JL �

+ 2u2Jn � JL : (83)

RR n° 6631



Photometricvisualservoing 30

 0

 5e+07

 1e+08

 1.5e+08

 2e+08

 2.5e+08

 3e+08

 3.5e+08

 4e+08

 0  20  40  60  80  100  120  140  160  180

(a)

-0.02

-0.015

-0.01

-0.005

 0

 0.005

 0.01

 0.015

 0  20  40  60  80  100  120  140  160  180

vx
vy
vz
wx
wy
wz

-0.02

-0.015

-0.01

-0.005

 0

 0.005

 0.01

 0.015

 0  20  40  60  80  100  120  140  160  180

vx
vy
vz
wx
wy
wz

(b) (c)

(d)

Figure15: Positioningtaskwith thelight sourcemountedonthecamera.(a)costfunc-
tion assumingatemporalluminanceconstancy model(green)andusinganillumination
model(red);(b) Cameravelocityassuminga temporalluminanceconstancy; (c) Cam-
eravelocity usingan illumination model. (d) Imagesacquiredduring thepositioning
task(left) anderrorimageI � I � (right).
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Figure16: View of thelighting, thecameraandtheobjectto track.Theobject(aphoto)
is attachedto amotorizedrail thatallows to controlit motion.

Figure17: Firstexperiment:Trackingconsideringtheinteractionmatrixundertempo-
ral luminanceconstancy hypothesis.As canbe seenthe trackingtaskfailed quickly.
First row showstheimageacquiredby thecamerawhile I � I � is shown onthesecond
row.
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