ZIINRIA

INSTITUT NATIONAL DE RECHERCHEEN INFORMATIQUE ET EN AUTOMATIQUE

Photometricvisual senoing

ChristopheCollewet— Eric Marchand

N° 6631
Septembr008

Théme COG

apport
de recherche

ISRN INRIA/RR--6631--FR+ENG

ISSN 0249-6399







Photometric visual sevoing

ChristopheCollewet , Eric Marchand

ThémeCOG— Systemesgognitifs
Equipe-Projet.agadic

Rapportderecherchen® 6631— Septembr008— 36 pages

Abstract: Thisreportproposesnew wayto achieve robotictasksby 2D visualserno-

ing. Indeed,insteadof usingclassicageometricfeaturessuchaspoints,straightlines,
poseor anhomograpl, asit is usuallydone,theluminanceof all pixelsin theimage
is hereconsideredThe mainadwantageof this new approachs thatit doesnotrequire
ary trackingor matchingprocessThekey pointof our approachreliesontheanalytic
computatiorof the interactionmatrix thatlinks the time variationof the luminanceto

thecameranotions.This computatioris baseckitheronasimpleLambertiarmodelor

on the Phongone sothatcomplex illumination changesanbe considered However,

sincemostof theclassicakontrollaws fail whenconsideringheluminanceasavisual
feature we turnthevisual senoing probleminto anoptimizationoneleadingto a new

control law. Experimentakesultson positioningandtracking tasksvalidatethe pro-
posedapproachandshaw its robustnessegardingto approximatediepths .ambertian
andnonLambertianobjects low texturedobjectsandpartialocclusions.

Key-words: Visualserwing, photometryillumination model,tracking,optimization

Part of this reporthasbeenpublishedin the IEEE Int. Conf. on Roboticsand Automation,ICRA08
andIEEE Int. Conf. on ComputeVision andPatternRecognition CVPR'08.

Christophe.Colleet@irisa.fr
Y Eric.Marchand@irisa.fr

CentrederecherchdNRIA Rennes- BretagneAtlantique

IRISA, Campuauniversitairede Beaulieu,35042RennesCede
Téléphone +3329984 71 00— Télécopie +33299847171



Asseissementvisuel photométrique

Résumé: Nousdécrivonsdanscerapportunenouelle faconde réaliserdestaches
robotiquespar asservissementisuel 2D. En effet, au lieu d'utiliser desinformations
visuellesde naturegéomeétriguecommepar exempledespoints,deslignesdroites,la
poseou unehomographiecommec'est habituellemente cas,la luminanceenchaque
pixel del'image estconsidéréel 'avantageprincipalde cettenouwelle approchaéside
dansle fait qu'aucunephasede suivi ou de miseen correspondance'estrequise.Le
point clé de cetteapprocheeposesur I'obtention sousforme analytiquede la matrice
dite d'interaction,matriceliant la variationtemporellede la luminanceaumouvement
de la caméra.Ce calcul estbasésurle simplemodeéled'illumination de Lambertou
surle modélede Phonga n quedesvariationscomplexesd'illumination puissenétre
appréhendée€ependantieslois decommandéabituellementitiliséesétantdansce
casmisesen échechousreformulonsle probléemede |'asservissementisuel comme
un problemed'optimisationaboutissané I'écriture d'une nou\elle loi de commande.
Desrésultatsxpérimentauxaussibienconcernania réalisatiordetachesieposition-
nementguede suvis decible, validentl'approcheproposéeet montrentsarobustesse
vis-a-visde I'approximationfaite sur les profondeursde scenesion Lambertiennes,
de sceénepeutexturéesou encorepartiellemenbccultées.

Mots-clés: Asservissementisuel,luminance modeled'illumination, suwi, optimi-
sation
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Photometricvisual servoing 5

1 Intr oduction

Visualserwingconsistsn usinginformationprovidedby avisionsensofor thecontrol
of arobot[1]. Rokustextractionandreal-timespatio-temporatrackingof visualcuess
thenusuallyoneof thekeysto successf avisualserwingtask.In thisreportwe shav
thatthis tracking processcanbe totally removed and shav that no otherinformation
thanthe imageintensity (the pureluminancesignal) canbe consideredo control the
robotmotion.

Classically to achieve a visual serwing task, a setof visual featureshasto be
selectedrom theimageallowing to controlthe desireddegreesof freedom.A control
law hasalsoto be designedso that thesevisual featuress reacha desiredvalues ,
leadingto a correctrealizationof the task. The control principleis thusto regulateto
zerotheerrorvectors s . To build this controllaw, theknowledgeof theinteraction
matrix L ¢ is usually required. For eye-in-handsystemsthis matrix links the time
variationof s to the cameranstantaneouselocity v

s=Lsv 1)

with v = (v;! ) wherev is the linear cameravelocity and! its angularvelocity.
Thereafter if we considerthe cameravelocity as input of the robot controllet the
following controllaw is designedo try to obtainanexponentialdecouplediecreasef
theerrors s

v Bi(s s) )

where isaproportionabainthathasto betunedto minimizethetime-to-cowergence,
and E; is the pseudo-imerseof amodelor anapproximatiorof L ¢ [1].

As canbeseenyisualsenoing explicitly reliesonthechoiceof thevisualfeatures
s (andthenon the relatedinteractionmatrix); thatis the key point of this approach.
However, with a vision sensorproviding 2D measurements(ry) (wherery is the
cameraposeat time k), potentialvisual featuress are numeroussince2D data(co-
ordinatesof featurepointsin the image,contours,moments,...)aswell as3D data
provided by a localizationalgorithmexploiting x (rx) canbe consideredlin all cases,
if the choiceof s is important,it is always designedrom the visual measurements
X(rg). However, arobustextraction,matching(betweenx(ro) andx = x(r )) and
real-timespatio-temporatracking (betweenx(rx 1) andx(rg)) have provedto bea
comple task,astesti ed by theabundantliteratureon the subject(see[2] for arecent
surwey on this subject). This imageprocessings, to date,a necessargtepand con-
sideredalsoasoneof the bottleneckf the expansionof visual serwing. Thatis why
someworks tendto alleviate this problem. A rst ideais to selectvisual featuresas
proposedn [3,4] or asin [5] to only keepvisualfeatureghataretracked with a high
con dentlevel (seealso[6] wherea moregenerabpproachs proposed)However, the
goal of suchapproachess not to simplify theimageprocessingstepbut to take into
accounthatit canfail. A moreinterestingway to avoid ary trackingprocesss to use
nongeometricvisualfeaturesin thatcase parametersf a 2D motionmodelareused
asin [7-10]. Neverthelesssuchapproachegequireanimportantandcomple image
processingstep. Remwing the entire matchingprocesss only possiblewhenusing
directly the luminanceaswe propose.

Indeed,to achieve this goalwe useasvisual featureghe simplestfeaturethatcan
be consideredtheimageintensityitself. We thereforecalledthis new approactphoto-
metricvisualservoing In thatcasethevisualfeaturevectors is nothingbut theimage
while s is thedesiredimage. Theerrors s is thenonly the differencebetween
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Photometricvisual servoing 6

the currentanddesiredimages(thatis| | wherel is avectorthatcontainsimage
intensity of all pixels). Within this framework, the major contritutions of this report
are:

» Theanalyticcomputationof the interactionmatrix L, relatedto the luminance
aswell in thecaseof thetemporaluminanceconstang hypothesisasin thecase
of comple illumination changes.

« Theapproachequiresno matching,no trackingandvery few imageprocessing
process.

» Usingtheimageintensityasvisual featuresthe classicalcontrol law, given by
equation(2), at bestcorvergeswith a slov andinappropriatecameramotion or
simply diverges,we thusturn the visual senwing probleminto a minimization
one.

« Positioningandtrackingtasksthat controlthe 6 d.o.f of the cameraareconsid-
ered.

Consideringhewholeimageasa featurehaspreviously beenconsidered11,12].
As in our case the methodspresentedn [11,12] did not requirea matchingprocess.
Neverthelesshey differ from our approachn two importantpoints. First, they do not
usedirectly the imageintensity but an eigenspacelecompositioris performedto re-
ducethedimensionalityof imagedata. Thecontrolis thenperformedn theeigenspace
andnot directly with theimageintensity Moreover, this way to proceedrequiresthe
off-line computatiorof this eigenspacandthen,for eachnew frame,the projectionof
the imageon this subspace Secondthe interactionmatrix relatedto the eigenspace
is not computedanalyticallybut learnedduring an off-line step. This learningprocess
hastwo dravbacks:it hasto be donefor eachnew objectandrequiresthe acquisition
of mary imagesof the sceneat variouscamerapositions. Consideringan analytical
interactionmatrix avoidstheseissues.

An interestingapproachwhich alsoconsidetthe pixelsintensity hasbeenrecently
proposedn [13]. This approachis basedon the useof kernel methodsthat leadto
a high decoupleccontrollaw. However, only the translationsandthe rotationaround
the optical axis are consideredvhereas,in our work, the 6 degreesof freedomare
controlled. Another approachthat doesnot requiretracking nor matchinghasbeen
proposedn [14]. It modelscollectively featurepoints extractedfrom the imageasa
mixture of Gaussiarandtry to minimize the distancefunction betweenthe Gaussian
mixture at currentand desiredpositions. Simulationresultsshav that this approach
is ableto control the 3 d.o.f. of robot (andthe 6 d.o.f. undersomeassumptions).
However, note that an image processingstepis still requiredto extract the current
featurepoints. Our approachdoesnot requirethis step. Finally, in [15], the authors
presenian homograpk-basedapproacho visual serwing. In this methodthe image
intensity of a planarpatchis rst usedto estimatethe homograph (usingthe ESM
algorithmdescribedn [15] for example)betweencurrentanddesiredimagewhich is
thenusedto build thecontrollaw. Despitethefactthat,asin our casejmageintensity
is usedasthebasisof theapproachanimportantimageprocessingtepis necessaryo
estimatehehomograph. Furthermorethevisualfeaturesusedin the controllaw rely
onthehomograpl matrixandnotdirectly ontheluminance.

In theremaindeof thisreportwe rst computetheinteractionmatrix relatedto the
luminancein the generalcasein Section2 andin someparticularcasedn Section3.
Then, we reformulatethe visual seroing probleminto an optimization problemin

RR n° 6631



Photometricvisual servoing 7

Sectiord andproposeanew controllaw dedicatedo thespeci ¢ caseof theluminance.
Section6 shawvs experimentakesultson variousscenegor seseraltasks.

2 Luminance asa visual feature

Thevisual featuresconsideredn this reportarethe luminancel of eachpoint of the
image.We have

s(ry=1(r)=("v:l25 lIn) )
wherel is nothingbut thek-th line of theimage.l (r) is thenavectorof sizeN M
whereN M isthesizeof theimage.An estimationof theinteractionmatrixis atthe
centerof the developmentof ary visual serwing processln our casewe arelooking
for theinteractionmatrix relatedto theluminanceof a pixel in theimage thatis

o lxgt+dt)  T(x;t)

dItl!m0 at =L (x)v 4)

X = (X;y) beingthe normalizedcoordinate®f the projectionof a point P belonging
to thescene.

2.1 Interaction matrix under temporal luminance constancy

Before computingthe interactionmatrix L, (x) in the generalcase we rst consider
the simplercasewherethe temporalluminanceconstang hypothesiss assumedsit
is donein mostof computetvision applications:

I (x + dx;t+ dt) = 1(x;t) (5)

wherex denoteghenormalizedcoordinate®f the perspectie projectionp of a phys-
ical point P andassuminghatp hasa smalldisplacementlx in thetime intenal dt.
If dx is smallenough,a rst order Taylor seriesexpansionof (5) aroundx canbe
performedyielding the so-calledoptical ow constaint equation(OFCE)[16]

r1”x+1,=0 (6)

with r | thespatialgradientof | (x;t) andl; = @ (x;t)=@. Moreover, considering
theinteractionmatrix L, relatedto x (i.e.x = LxX)

L = 1=Z 0 x=Z Xy 1+x?) vy R
o 0 1=Z y=Z 1+y? Xy X
relation(6) gives
le= 1 17 Lyv: (8)

However, notethatl ; is nothingbut theleft partof (4). Consequentlyfrom (4) and(8),
we obtaintheinteractionmatrix L, (x) relatedto | atpixel x

Li(x)=r1 17Ly: 9)

Of course becausef the hypothesisrequiredto derive (5), (9) canonly be valid
for Lambertianscenesthatis for surfacesre ecting thelight with the sameintensity
in eachdirection. Besides(9) is alsoonly valid for a motionlesdighting sourcewith
respecto thescene.

1Let us point out that the computatiorof r | is the only imageprocessingtepnecessaryo implement
our method.
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2.2 Interaction matrix in the generalcase

In fact, it is well known thatthe constraint(5) canbe easilyviolated[17], e.g. if the
orientationof a Lambertiansurfaceis changingwith respecto the lighting. Conse-
guently mary authorshave addressethis problemin the context of computervision.
However, mostof theseworksrequiresa off-line learningstepandrelie onthefactthat
animageof a Lambertiansurface,without selfshadwing, canbe linearly expressed
from 3 imagesacquiredat the samelocationundervariousillumination [18,19]. This
interestingpropertyis usedfor examplein [20-22]. This approachis extendedin [23]
to non-Lambertiarscenesvherethe intensity variationbetweendt is expressedasa
mixture of causeshowever without relying on a physical descriptionof the re ection
phenomenon.This latter work canbe seenasrelatedto [24] sincethe illumination
changesare modeledas a surfacethat evolves over time. A generalframevork has
beenproposedn [25] leadingto thefollowing relation:

I (x+dx;t+dt)= 1+ m(x;t) I(x;t)+ c(x;t): (10)

However, the coefcients m(x;t) andc(x;t) areconsideredhslocally constantand
thenare estimatechumerically Neverthelessall theseworks do not rely on atime-
varyingphysicalre ection model.

A very interestingapproachgcloseto our work, canbe foundin [26]. Indeed,a
generalizatiorof (6) is presentedeadingto

X+ Iy = — (11)

wheredl =dt is analytically computedaccordingto several physical modelsof lumi-
nancevariation. In particular they studythe caseof a non planarLambertiansurface
undegoneto a rotationmotion.

As alreadystatedto derive the interactionmatrix, we have to considera morere-
alistic re ection modelthanthe Lamberts one. Indeed the Lamberts modelcanonly
explainedthe behaior of non homogeneouspaquedielectric material[27]. It only
describes diffusere ection componenainddoesnottake into accountheviewing di-
rection. TheBeckmann-Spizzichinmodel[28] is basedntheelectromagnetisiaws
andon the modelingof the surfaceasperities.lt canthustake into accountelectrical
conductorr not, eitherif the surfaceis smoothor rough. Concerningthe Torrance-
Sparrav model[29], it is basedon the geometricabpticsequationsandthusit is re-
strictedto casewherethe sizeof the surfaceasperitiesvidely exceedghewavelength
of theincidentlight. This modelcanthusnot be usedwith roughmaterial. However,
all thesemodelsarebasedon numerousunknovns parametershataredif cult to ex-
tractonline. Thatis why preferto usea simplermodel,the Phongone[30]; contrary
to the previous models,this modelis not basedon physical laws, but comesfrom the
computergraphicscommunity Althoughempirical,this modelis widely usedthanks
to its simplicity, andbecausaet is appropriatefor varioustypesof materials whether
they areroughor smooth. Note that other modelscould be consideredsuchasthe
Blinn-Phong[31] asreportedn [32].

Accordingto the Phongmodel(seeFig. 1), theintensityl (x) atpointx writesas
follows

I(x) = Kscos + Kgcos + Ka: (12)

This relationis composedf a diffuse,a specularandan ambientcomponentindas-
sumesa point light source. The scalarK s describeghe specularcomponentof the
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Figurel: ThePhongillumination model[30].

lighting; K 4 describeghe partof the diffusetermwhich depend®n the albedoin P;
K 4 is theintensityof ambientlighting in P. NotethatK ¢; K4 andK 5 dependonP.
is the anglebetweernthe normalto the surfacen in P andthe directionof thelight
sourcel; istheanglebetweerR (whichis L mirroredaboutn) andtheviewing di-
rectionV . R canbeseerasthedirectiondueto a purespeculaobject,wherek allows
to modelthe width of the speculatobe aroundR, this scalarvariesasthe inverseof
theroughnessf the material.
In theremainderof this report,the unit vectorsi;j andk correspondo the axis of
thecamerdrame(seeFig. 1).
ConsideringhatR ; V andL arenormalizedwe canrewrite (12) as

I(x) = Ksui® + Kgup + Ka (13)

whereu; = R”V while we have u; = n” L. Note that thesevectorsare easyto
compute sincewe have

X
vV = K (14)
R = 2u;n L: (15)
In thegenerakcasewe considerthefollowing dependences
8
3V o= V@
n = n x(t);t
2 L = L x(t)t (16)
" R = R x();t:

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

= kK su¥ tug + Kquy: (17)
However, it is alsopossibleto computel_as
=1 17X+ ly=71 17 Lyv + Iy (18)

wherewe have introducedthe interactionmatrix L, associatedo x. Consequently
from (17) and(18), we obtain

e+ 1 17 Lyv = kKsu¥ tup + Kguy (19)

thatis ageneraformulationof the OFCEconsideringhe Phongillumination model.
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Photometricvisual servoing 10

Thereafterby explicitly computingthetotal time derivative of u; andu, andwrit-
ing
up = Livandu; = L3v; (20)
we obtaintheinteractionmatrix relatedto theintensityat pixel x in thegenerakase
Li = r 17 Ly + kKsui® LT + Kyl (21)

Notethatwe recover heretheinteractionmatrix r |~ L, associatedb theinten-
sity undertemporalconstang (see(9)), i.e.in theLambertiancasgK s = 0) andwhen
up = 0 (i.e.thelighting directionis motionlesswith respecto thepoint P).

We now computethevectorsL ; andL , involvedin (20) to explicitly computel .
2.2.1 Computation of L,

This computatiorrequiresto write
Uu=L>n+n”L: (22)

In thegenerakaseof thetime dependencegivenby (16), (22) becomes

u, = L~ J”x_+% +n> JLX_+% (23)
= et x+ 12240 @ (24)
@
whereJ" andJb expressrespectiely the Jacobiarmatricesrelatedto n andL with

respecto x.

However, if we wantto express@=@ and @ =@ in function of the camerave-
locity v, we have to do somehypothesisabouthow n andL move with respecto the
obsenrer. We considerttwo cases.

Light souice motionlesswith respecto the objectframe To compute@ =@, we in-
troducethematrix °R , which describesherotationbetweerthe cameraandtheobject
framessuchthatn = °R,°n where®n expresse® in theobjectframe. Therefore,

% = ‘RN = °R,°Ron= | n: (25)
Notethatwe similarly have
Q
—= 1 L 26
a (26)
In thatcasejt is straightforvardto shav that
@IZ > @ > @—
—= = L7 —+n" — 27
@ @'" @ (&7)
= 0 (28)
whichdirectly givesfrom (24)
L> = L7J3"+n”J" Ly (29)

wherewe have introducedthe interactionmatrix relatedto x .
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Photometricvisual servoing 11

Light souice mountedon the camen. We thushave L = k. In thatcase,the
equationsdecomesimplersincewe have J- = 0 and@ =@ = 0.
Let usrewrite u, from (24) wherewe have introduced. x and(25)

u, = k?J" Lyv k> n ! (30)
= rnlLyv+ n kI (31)
Thereforepy introducingthefollowing vector
L= 000 (n k)i (n k)j 0 ; (32)
L5 expressessfollows
L> = rnjLy+Lj: (33)
2.2.2 Computation of L

Let usrecallthatu; = R>V leading,by consideringhe time dependencegivenin
(16),to0

ui=V R+ R\ (34)

which gives
u = VvV~ JRX_+% + R>JV x (35)
= V>IR+R™JY )<_+V>% (36)

whereJR andJV expressrespectiely the Jacobiarmatricesrelatedto R andV with
respecto x. In addition,sinceR is afunctionof L andn (see(15)), we have

®R_, @, @ @
6_2 @n+u2@ a (37)

andaftersomemanipulationsletailedin appendix
JR=2nL>J3"+n>J3% +2ud" Jt: (38)
The computatiorof JV is quitesimple,it is givenby

2

1 1+y?)  xy

JV = ” k34 Xy (1+ x?) 5: (39)
X X y

At this step,aswe did for the computatiorof L ,, we considerthe casesvhenthe
light sourceis motionlesswith respecto the objectframeor whenthe light sourceis
mountedon thecamera.

Light source motionlesawith respecto the objectframe From (27), (25) and(26),
(37)becomes

%zZuz(n 'y (L '")Y=R ! (40)
andby introducingthevectorL 3 suchas
> @ >
V7 — = L3V 41
@ 3 ( )
= 00O0W?i W?j] W>k v (42)
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withW =V R,weobtainL] from (36) by introducingL «

L = VZIR+R>JY L+ L3: (43)
Light source mountedon the camea. Recallthat we have in thiscaseL = k
leadingto J- = 0 and@ =@ = 0.
To rewrite u; givenin (36),we rst compute(37)usingu, = k> n
@R > @ > @
—= 2 k¥ —=n+k’n— 44
@ @ @ (44)
leadingby using(25)to
V>%: 2k> n ! V’n+k’nv> n ! (45)
= 2n°Vk n’l +k’nV n”! : (46)

Consequentlyby introducingthevectorLZ suchas

v>% = LZv (47)
= 0O 0O L sy L5y Ls, Vv (48)
with 8 N
2 Lsxy = 2n°V(n k)>+k>nn V i
o Ly = 2n7V(n k)>> +k’nn V7 (49)
Ls, = 2knn V "k
we obtainfrom (36)
L7 = VZIR+ RV L+ LZ: (50)

Let uspointoutthatJR becomeslsosimpler

JR o= 2n L7J3" + 2uJ" (51)
= 2n k>J" +n”kJ" (52)
= 2nr n; +n,Jd" ; 53

z

3 Interaction matrix in someparticular cases

In classicalisualsenoingtheinteractionmatrix is very oftencomputedatthe desired
position[1]. This way to proceedavoid to computeon-line 3D informationlike the
depthsfor example. We also considerthis casein this section. More precisely we
considerthat, at the desiredpositionthe depthof all the pointswherethe luminanceis
measure@reequalto aconstanvalueZ . Thatmeanghatwe considetthattheobject
is planarandthatthe cameraandthe objectplanesareparallelat this position.
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Photometricvisual servoing 13

3.1 Light source motionlesswith respectto the object frame and
locatedat in nity

This caseis depictedon gure 2. Sincetheobjectis planarn doesnolongerdepencbn

X, thend" = 0. Similarly, sincethelight sourceis atin nity , L doesnotdependon x

andthusJ- = 0. In addition,sincetheanglebetweem andL is constantu, = n” L

is constant.

Consequentlyit is easyto shav from (29)thatL3 = 0.
ForLj,sincel” = J- = 0, wehavealsoJR = 0 (see(38)),leadingfrom (43)to

L7 = R7JVL,+L3: (54)
Thus,L] canbeeasilycomputed All computationglone we obtain

- _ 1

with 38
> Lix = 1+y? Ry XxyRy xR,
. Liy = XxyRx+ 1+x? Ry VYR, (56)
"Ly, = XRx YRy + x2+y? R,

whereR,; Ry; R, arethecomponent®f R. Notethatto computeR the poseof the
camerawith respecto the objectis required. However, if we considerthe particular
casewherethe cameraandtheobjectplaneareparallel,we haven =  k whichleads
to

R= 2uk L (57)

thatcanbeeasilyevaluated.

As canbe seen,even if the computationof the vectorsL ; andL, to derive the
interactionmatrix is not straightforvard,their nal expressions very simpleandeasy
to compute.

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

This caseis depictedonthe gure 3. Here,sinceJ" = 0 andn = k, from (32) and
(33),it is straightforvardto shav thatL 3 = 0. Besidessincen = k andL = Kk,
wehaseR = k. Wealsohave JR = 0. Consequentlyfrom (50),L; becomes

L7 = k™JVLg+L3 (58)

while L3 becomesgrom (49)
L = 000 2V’ 2v»i 0 : (59)
Usingexplicitly V, JV andL,, we simply obtain
> 1 X x2 + y?

- = y

whereZ = Z kx k2.
Hereagnin,the nal expressiorof L1 andL ; is very simpleandeasyto compute.

RR n° 6631
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Figure2: Light sourcdlocatedatin nity andcameraandobjectplanesparallel.

Figure3: Light sourcemountedonthecamerdor aplanarobjectwhenthecameraand
theobjectplanesareparallel.

4 Visual sewvoing control law

Sincetheinteractionmatrix associatedo the luminances now known, the controllaw
canbederived. However, we turnherethevisualsenoing probleminto anoptimization
problemasproposedn [33].

4.1 Visual senvoing asan optimization problem

Differentcontrol laws canbe derived regardingthe minimizationtechniqueoneuses.
Let usrecallthatthegoalis to minimizethefollowing costfunction

qr) = %kl(r) 1(r ) K (61)
wherer describeghe currentposeof the camerawith respectto the object (it is an

elemenbf R®  SO(3)) andwherer isthedesiredoose.Severalmethodsaredetailed
in [33], we only give herethe mostinterestingresultswhile focusingon thedifferential
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approachedn thatcase a stepof the minimizationschemecanbe written asfollows
ress = Fe ted (1) (62)

where* " denotegheoperatotthatcombinegwo consecutie frametransformations,
rg isthecurrentposety is apositive scalarthedescenstep)andd (ri) adirectionof
descenensuringhat(61) decreases

d(ry)” rC (ry) < O (63)

In that case,the following velocity control law canbe derived consideringthat ty is
smallenough
V= d(r) (64)

where g isascalarthatdepend®nty andonthesamplingrate.lt is oftenchoserasa
constantalue.In theremaindeiof thereportwe will omit the subscripk for the sale
of clarity.

4.1.1 Steepestlescent(gradient method)

Thedirectionof descenfusedfor examplein [34]) is simply

d(r)= rC (r) (65)
where N
cmo= 2 am 1e): (66)
@

Sincewe have L= r = L,v, we obtainthefollowing controllaw

Q®

v= L7 I(r) I(r): (67)

4.1.2 Gauss-Newton

Whenr liesin aneighborhooafr ,1(r) canbelinearizedaround (r) andplugged
into (61). Then,afterhaving zeroedts gradientwe obtain
!

- @ @
d(r)= @ @ rC (r) (68)
thatbecomeasising(66)
v = Ly 1(r) I(r) (69)

whichis nothingbut (2), thatis the controllaw usuallyused.

4.1.3 Newton

If we locally approximateC(r) by its secondorder Taylor seriesexpansionin r and
cancelits gradientwe have

diry= r2qr) ‘rc(r) (70)
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with g
> 1dim
rean= 202 0 T s Lo y: (71)
@ @ i=1
This approachhasbeenconsideredn [35] for example. Note that the vectord(r)
is really a direction of descentf r 2C(r) > 0 holds (see(63)). Note alsothat the
Newton's andGauss-Neiton's approacheareequialentinr .

4.1.4 Levenberg-Marquardt

This methodconsiderghefollowing direction

d(r)= G+ dagG) 'rc(r) (72)
_ ) . @ @ o
whereG is usuallychoserasr <C(r) or moresimply as @ @ leadingin that
lastcaseto L
v = H+ diagH) "Ly I(r) I(r) (73)

withH = L7 L,. Theparameter makespossibleto switchfrom a steepestiescent
like approachto a Gauss-Neton one thanksto the obseration of (61) during the
minimizationprocessindeedwhen isveryhigh (73) behaeslike (67)2. In contrast,
when isverylow (73) behaeslike (69).

415 ESM

In [33] a secondordermethodwhich doesnot requiredthe computatiorof r 2C(r) is
presentedindeedwe have

v Ly+L, @) 1) (74)

In contraswith theclassicaminimizationalgorithms thisapproachakesbene t from
thebehaior of the costfunctionthatis known in the neighborhooaf the minimum.

4.2 Analysisof the costfunction

Sincethe convergenceof the controllaws describedn Section4.1 highly dependsn
thecostfunction(61), we focushereonits shape.

To do that, we considerthe vectorl (r) givenby (3). Wewriter = (t;u ) where
t = (tx;ty;t,) describeshetranslationpartof the homogeneoumatrix relatedto the
transformatiorfrom thecurrentto thedesiredrame,while its rotationpartis expressed
undertheform u whereu representshe unit rotationaxis vectorand the rotation
anglearoundthis axis.

As anexample,Fig. 4b, e, h, k, nandFig. 4c,f, i, | ando describehe shapeof cost
functions(61)in thesubspacéty; ,) whenthescenebeingobseredis planar(seethe
gures 4a,d, g, j andm) andwhenthe desiredposeis suchthattheimageplaneand
the objectplaneareparallelat the depthZ = 80cm. Let uspointoutthatthisis the
mostcomplex case(with its dualcase(ty; «)). Indeed,it is well known thatit is very
dif cult to distinguishin animageanx axistranslationamotion (respectiely y) from

2More preciselyeachcomponenbf thegradients scaledaccordingo thediagonabf theHessianwhich
leadsto largerdisplacementalongthedirectionwherethe gradientis low.
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Figure4: Costfunction for differentobjects. First column: objectbeing obsenred,
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RR n° 6631



Photometricvisual servoing 18

ay axisrotationalmotion (respectiely x). It explainswhy the costfunctionis low in
apreferentialdirection,asclearlyshovn on Fig. 4b, e, h, k, n andFig. 4c, f, i, | ando.
In addition,the costfunctionshighly depend®ntheposer sincethey rapidlyincrease
aftertheirminimum (seeFig. 4b, e, h, k andn). Moreover, ascanbe seenthe shapeof
the costfunctions(61) doesnot dependoo muchon the scenecontentassoonasthe
imagedoesnot containperiodicpatternsor strongchangef the spatialgradient. It
alwaysshowvs anarrav valley atthe middle of agentleslopeplateauwvith nonconstant
slope.Notethat(61)is only quasicorvex, morea/er on avery smalldomain.

Let usstudymoreprecisely(61) in aneighborhoofr . To dothat,we performa
rst orderTaylor seriessxpansionof thevisualfeatured (r) aroundr by

I(r)=1(r )+ L, r (75)

wherer denotegherelative posebetweerr andr . Thereforepy plugging(75)into
(61), the costfunctioncanbe approximatedn a neighborhooaf r

&r)=r1 *H r (76)

withH = L7 L, . Dueto thecompleity of the interactionmatrix, we restrictthis

studyto the Lambertiancase.In practice,becausef the specialform of the interac-
tion matrix givenin (9) (its translationpart containstermsrelatedto the depths),the

eigervaluesof thematrix H arevery different(unfortunately only numericalresults
canbe obtainedbecausef the compleity of this matrix). This resultalsoholdsfor

mostof the geometricalisualfeaturesvhereatermrelatedto the depthoccursin the

translationapartof theinteractionmatrix. Consequentlyin thesubspacét,; y) (re-

spectiely (ty; «)), thecostfunctionis anelliptic paraboloidwith a very high major
axis with respectto its minor axis leadingconsequentlto nearparallelisocontours
asshavn on Fig. 4c, f, i, | ando. Moreover, the eigetvectorsof H point out some
directionswherethe costfunction decreaseslowly whenits associate@igervalueis

low or decreasequickly whenits associate@igervalueis high. In the caseof Fig. 4c,

f, i, | ando, the eigevectorassociatedo the smallereigervalue correspondso the

valley wherethe costvariesslowly. In contrastjt variesstronglyalonganorthogonal
direction,thatis in adirectionnearrC (r). Wewill usethis knowledgeaboutthe cost
functionin the next sectionto derive anef cient controllaw.

4.3 Positioning tasks

As shawvn in Section4.1, several control laws canbe usedto minimize (61). We rst
usedthe classicalkcontrollaws basedn the Gauss-Neton approactandthe ESM ap-
proach[33,36]. Unfortunatelythey all failed, eitherbecausehey divergedor because
they led to unsuitable3D motion. Therefore anew controllaw hasto bederived.

Indeed,sincethe generalform of the costfunctionis known (seeFig. 4b, e, h, k
andn), we proposethe following algorithmto reachits minimum. The cameras rst
movedto reachthe valleys andnext alongthe axesof the valleys towardsthe desired
pose.The rst stepcanbeeasilydoneby usingagradientapproachHowever, asseen
on Fig. 4c¢, f, i, | ando, the directionof rC (r) is constantbut its amplitudeon the
plateaus not constan{seeFig. 4b, e, h, k andn) sincethe slopevaries.We couldtune
the parameter involvedin (67) to ensuresmooth3D velocities. However, a simpler
approacho achieve this goalconsistdn usingthefollowing controllaw

rC (rinit )

Ve K ) K

(77)
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Thatis, aconstanvelocity with normv; is appliedin the steepestiescentomputecht
theinitial camergpose. Consequentlythis rst stepbehaesasanopen-loopsystem.
To turn into a closed-loopsystem,we rst detectroughly the bottom of the valley

from a 3" orderpolynomial Itering of C(r) andthenapply the controllaw (73). In

addition, ratherto controlthe parameter asin the Levenbeg-Marquardtalgorithm,
a differentway to proceeds usedasdetailedbelov. We denoteMLM this methodin

the remainderf the report. Insteadof usingfor thematrix H the Hessiarof the cost
function,we useits approximatiorL i L. Theresultingcontrollaw is thengivenby

V= (H+ diagH)) L (I(r) I(r)) (78)

withH = L7 L,.

We now detailhow is tuned. Fig. 5a shaws the pathsobtainedwith the MLM
algorithmin the casewhereri,; = (8 cm,4 cm,-10cm, 3, -3, -5 ) for various
choicesof . If ahigh valueis used,after the open-loopmotion, the bottom of the
valley is easilyreachedseeFig. 5awhen = 1) since(78) behaesin thiscasdike a
steepestlescenapproachBut in this case sincethevalley is narraw, the corvergence
ratetowardsthe global minimum (following the directionof the axis of the valley) is
verylow (seeFig. 5b). In contrastjf islow, (78) behaeslike a Gauss-Neton (GN)
approactandthe decreasef thecostfunctionis fasterbut, the corvergenceis nomore
ensuredseethe largermotionnearthe minimumon Fig. 5awhen = 10 3). Ascan
be seen,anintermediatevalue( = 10 2) hasto be chosento ensurea correctpath
(Fig. 5a)anda high corvergencerate (Fig. 5b). Therefore this valuehasbeenchosen
in theexperimentdescribedn thenext section.

5 Experimental results

In all theexperimentseportedhere the cameras mountedon a 6 degreesof freedom
gantryrobot. Controllaw is computedbnaCore2 Duo 3GzPCrunningLinux. Image
areacquiredat 66Hzusingan|EEE 1394camerawith aresolutionof 320 240 The
sizeof the vectors is then 76800. Despitethis size,the interactionmatrix L, canbe
computedat eachiterationif needed.

19

}r1= ie—3 — ‘m= le-2 ‘
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Figure5: In uenceof . (a)Pathin thesubspacgty; y) forr = (8cm,4cm,-10cm,
3,-3,-5), (b) Logarithmof thecostfunctionversusimein second.
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5.1 Positioning tasksunder temporal luminance constancy

We assumeén this sectionthattheluminance (x) atagivenpixelis constant.To make
thisassumptiorasvalid aspossible a diffuselighting asbeenusedsothatl (x) canbe
considerechsconstantvrt to theviewing direction.

The goal of the rst experimentis to comparethe control laws basedon GN and
MLM approachewhentheobjectdescribedn Fig. 4ais consideredTheinitial error
posewasr int = (5cm,-23cm,5cm,-12.5,-8.4 ,-15.5). Thedesiredposewas
sothatthe objectandCCD planesareparallelatZ = 80cm. Theinteractionmatrix
hasbeencomputedat eachiterationbut assuminghatall the depthsare constantand
equalto Z , whichis of coursea coarseapproximation.

Fig. 6adepictsthe behaior of costfunctionsusingthe GN methodor the MLM
methodwhile Fig. 6b depictsthe trajectories(expressedn the desiredframe) when
usingeitherthe GN or the MLM method. Fig. 6¢c andFig. 6d depictrespectiely the
cameravelocity. Theinitial and nal imagesarereportedrespectiely on Fig. 6e and
Fig. 6f; First, as canbe seenon Fig. 6a, both the control laws corverge sincethe
costfunctionsvanish.However, thetime-to-cowergencewith the GN methodis much
higherthanthe one of the MLM method. The trajectorywhenusingthe GN method
is also shaly comparedto the one of the MLM method(Fig. 6b). The velocity of
thecameravhenusingtheMLM methodis smoothethanwhenusingthe GN method
(Fig.6dandFig. 6¢). ThisexperimentclearlyshavsthattheMLM methodoutperforms
the GN one. Note thatin both caseshe positioningerrorsis very low, for the MLM
methodwe obtainedr = (0.26mm, 0.30mm, 0.03mm, 0.02 , -0.02, 0.03). It is
very dif cult to reachsolow positioningerrorswhenusinggeometricvisualfeatures.
Indeed theseniceresultsareobtainedbecausé | isverysensitveto theposer.

The goal of the next experimentis to shav that, evenif the luminanceis usedas
a visual feature,our approachdoesnot dependioo muchon the texture of the scene
being obsened. Fig. 7 depictsthe behaior of our algorithm for the planarobjects
respectiely given by Fig. 4d, g, j, m andp (theinitial aswell asthe desiredposeis
unchanged)As canbe seenthe controllaw convergesin eachcasesgevenin thecase
of alow texturedsceng(Fig. 4d andg). Let uspoint out thatsimilar positioningerrors
thanfor the rst experimenthave beenobtained.

Thethird experimentdealswith partialocclusionsThedesiredobjectposeaswell
asthe initial poseare still unchanged.After having moved the camerato its initial
position,anobjecthasbeenaddedo the scenesothattheinitial imageis now theone
shavn in Fig. 8aandthedesiredmageis still theoneshawn in Fig. 6f. Moreover, the
objectintroducedin the sceneis alsomoved by hand,asseenin Fig. 8b andFig. 8c,
which highly increaseghe occludedsurface. Despitethat, the control law still con-
verges(seeFig. 8f). Of course,sincethe desiredimageis not the true one,the error
cannotvanishatthe endof themotion(seeFig. 8f). Neverthelessthe positioningerror
is not affectedby the occlusionssincethe nal positioningerroris r = (-0.1mm,
2mm, 0.3mm, 0.13, 0.04, 0.07) andit is very similar with the previous experi-
ments.This very nicebehaior is dueto the high redundang of the visualfeaturesve
use.

The goal of the last experimentis to shawv the robustnessof the control law wrt
the depths. For this purpose,a hon planarscenehasbeenusedas shavn on Fig. 9.
It shaws that large errorsin the depthare introduced(the height of the castletower
is around30 cm). Theinitial anddesiredposesare unchanged.Fig. 10 depictsthis
experiment.Hereagain, the controllaw still converges(despitethe interactionmatrix
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Figure6: Firstexperiment.MLM vs. GN method(x axisin second).(a) Comparison
of costfunctions,(b) Comparisorof camerarajectories(c) Cameravelocities(m/sor

rad/s)for the GN method,(d) Cameravelocities(m/s or rad/s)for the MLM method,
(e) Initial image,(f) Finalimage.

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

5.2 Positioning tasksunder complexillumination

In this sectionwe considerthe morecomple casewhenthe temporalluminancecon-

stany luminancecanno morebeassumed.

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

In this setof experimentsa uniquedirectionallight hasbeenaddedto the scenewith

a 45° rotationaroundthe vectorj of the camerarame(seeFig. 2 for anillustration).
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Figure8: Third experiment.Occlusiongx axisin second)(a) Initial image,(b) Image
att 11s,(c)Imageatt 13s(d)Finalimage,(e) Cameravelocities(m/sor rad/s),
(f) Costfunction,(g)! | attheinitial position,(h)| 1 attheendofthemotion.

RR n° 6631



Photometricvisual servoing 24

0.02 ——— 40408
0015 | v ]
V.
W,
0.005 | ;Vg
-0.005 F
001 |

-0.015
-0.02 -
-0.025
-0.03

®

Figure10: Fourth experiment. Rokustnesswrt depths(x axisin second).(a) Camera
velocities(m/sor rad/s),(b) Costfunction,(c) Initial image,(d) Finalimage,(g) | |
attheinitial position,(h)! | attheendof themotion.

RR n° 6631



Photometricvisual servoing 25

This light producesan importantspecularityon the sceneandthenon the image(as
canbeshavn on Figuresl2band 13b).

For this rst experimenttheinitial positioningerrorwas r = (-23mm; -201mm;
93mm; -17.7 ; 1.5 ; -4.8 ). First,let usnotethatin bothcasegLambertianmodelor
thenew proposednodel)therobotcornvergetowardthe desiredposition(seeFig. 11).
Neverthelesghe convergenceratewhenconsideringexplicitly specularitiess always
fasterandsmoothe(thisis dueto abetterestimatiorof thegradientof thecostfunction
kek? thatis usedin the minimizationprocess).

A similarexperimentalthoughwith alargerinitial error, is shovn onFigurel2. In-
deedtheinitial positioningerroris r = (-24mm; -176 mm; 86 mm; -13.75 ; -6.76 ;
-30.53). A similar behaior canbe obsened. Imagesshaows the currentimages(im-
ages0, 300 and 900) andthe correspondingerrorl | . Note that the specularity
canbe mainly seenmnearthe headof the football playerbut ascanbe seenon theright
imagesit isin 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) describeshe sameexperimentbut with another
andlesstexturedscene.Hereagain a large specularitycanbe seenin theimage. De-
spitethesddif culties, thecameracorvergessmoothlytowardthedesiredposition. The
errorl |1 is displayedon thetop of Figure13. The nal positioningerroris here
acgainverylow, wehave r = (0mm;0.02mm; 0.02mm; 0.01 ;0.01 ;0.05).

5.2.2 Light sourcemountedonthe camera

In this setof experimentsa light-ring is locatedaroundthe camerdens(seeFig. 14).
Thereforethe light directionis alignedwith the cameraoptical axis as describedon
Figure 3 andthusit is moving with respecto the scene. This is the uniquelight in
the scene. Note that, obviously, its directionis no more constantwrt the sceneas
previously. Theinitial positioningerrorandthe desiredposearestill unchangedbut
with Z = 70cm). The interactionmatrix hasbeenestimatedat the desiredposition
using (60) to computeL; while L5 = 0 (seesection3.2). For all the experiments
usingthe completeinteractionmatrix we usedk = 100andK ¢ = 200(sege(21)).

As canbe seenon Fig. 15, the specularitiesare very importantand consequently
theirmotionsin theimageareimportant(for examplethespecularitycanbeseematthe
bottomof theimagein the rst imagewhereast hasmovedto themiddleat the endof
the positioningtask). It alsoalmostsaturateshe imagemeaningthatfew information
areavailablearoundthe specularity The behaior of therobotis bettersincethe con-
vergenceis fasterandsmoothemhenthe completemodelis consideredseeFig. 15a
andFig. 15.bandc).

5.3 Tracking tasks

Ourgoalis now to performatrackingtaskwith respecto amoving object. Thatis, we
have to maintainarigid link betweerthetargetto trackandthe camera.Thelighting
conditionsare the sameasthosedescribedn section5.2.2aswell asthe interaction
matrix. However, the GN methodhasbeenusedinsteadof the MLM methodsince
therelative errorposebetweerthedesiredandthe currentframesis consideredslow.
The objectis still planar(a photo),andit is attachedo a motorizedrail that allows
to controlits motion (seeFig. 16). Althoughonly oned.o.f of the objectis controlled
(with a motionthatis completelyunknovn from the tracking process)the 6 d.o.f of
therobotarecontrolled(the objectvelocity is 1 cm/s). Sincewe have a constantarget
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Figure 11: Positioningtaskwith a light sourcemotionlesswith respecto the object
frameandlocatedat “in nity” (x axisin secondor (a), (c) and(e), framenumberfor
(b) and(d)) . (a) costfunctionwith a Lambertianmodel(green)andcompletemodel
(red),(b) positioningerror(in m, rad)and(c) cameravelocity for a Lambertianrmodel,
(d) positioningerror (in m, rad) and(e) cameravelocity for the completemodel.

velocity, a simpleintegratoris consideredn orderto vanishthe steadystatetracking
errorasproposedn [37].

As canbe seenon theimagesof Figuresl7 ( rst rows) and18.c,specularitiecan
be seenin the imageacquiredby the camera. Figure 17 shavs the behaior of the
controllaw whentheinteractionmatrix wascomputednly undertemporalluminance
constang hypothesiggivenby equation(9)). This gure shavs thatthetrackingtask
quickly failed (thesecondow shavstheerrorl | , whentheerroris null theimage
is completelygray).

The sameexperimentwasnow consideredut with a full illumination model. As
shown in Figuresl8aandi18cthetrackingis perfectlyachieredsincetheerrorl |
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Figure 12: Positioningtaskwith a light sourcemotionlesswith respecto the object
frameandlocatedat“in nity”. (a)costfunction(x axisin second)b) imagesacquired
duringthepositioningtask(left) anderrorimagel | (right).

is almostnull despitethe occurrenceof a specularitywhich shawvs the importanceof
suchtermsin thetrackingprocess.Whenthevelocity is constantheobjectis perfectly
trackedascanbe seenon Figure18awherek! | ks depicted. Errorin theimage
remainssmallexceptwhentheobjectstopsor accelerateseethepeaksn Figure18a).
Thecameravelocity (seeFigure18b)shawvs a puremotionalongthex ( 1cm/s)axis
that correspondso the groundtruth. For eachpixel, exceptduring accelerationsaind
decelerationg] | j< 5.

In the secondexperiment,we move the objectby handasseenon the rst row of
Figure19c. Therelatedimagesacquiredby the cameraareshavn on the secondrow.
We thenhave amorecomplex 3D objectmotion. Notethatall the6 d.o.f. of therobot
arecontrolled(seeFig. 19b). Theerrorkl | kisshavnin Figurel9awhilel |
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Figure 13: Positioningtaskwith a light sourcemotionlesswith respecto the object
frameandlocatedat“in nity”. (a)costfunction(x axisin second)b) imagesacquired
duringthepositioningtask(left) anderrorimagel | (right).

is shavn on thethird line of Figure19c. Whenthe objectis moving the erroris more
importantthanduring the previous experiment. This is dueto the factthat, sincethe
objectvelocity is obviously no more constantijt is no longerpossibleto consideran
integral term leadingto classicaltrackingerrors. In contrastwhenthe motion stops
thecameramovesto reducetheseerrors(iterations5300and9500).

6 Conclusionand futur e works

We have shawn in this reportthatit is possibleto usedirectly the luminanceof all the
pixelsin animageasvisualfeaturesn visual senoing. To the bestof our knowledge
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Figure14: Cameraandlight-ring mountedon therobotend-efector.

thisis the rst time thatvisual serwing hasbeenhandledwithout ary imageprocess-
ing (excepttheimagespatialgradientrequiredfor the computationof the interaction
matrix) nor learningstep. Indeed,unlike classicalvisual serwing wheregeometrical
featuresare used,using photometricvisual serwing doesnot needary matchingbe-
tweentheinitial anddesiredeaturesnorbetweerthecurrentandthepreviousfeatures.
It is a very importantissuewhencomplex scenedave to be considered.To do that,
the interactionmatrix hasbeenanalytically computed.This computationis basedon
anillumination modelableto tacklecomple illumination variationsof the sceneijt is
alsoableto tacklenonLambertianscenesOur approacthasbeenvalidatedon various
scenesndvariouslightings (diffuseor not) aswell ason positioningor trackingtasks.
Concerningpositioningtasks the positioningerroris alwaysvery low. Supplementary
adwantagesare that our approachis not sensitve to partial occlusionsandto coarse
approximation®f the depthsrequiredto computethe interactionmatrix. Let us point
outthatevenin case®f nonLambertiarscenesthe simpleinteractionmatrix basen
thetemporalluminanceconstang hypothesideadsto agoodbehaior andto very low
positioningerrors.Futurework will concerrthe casewhentheintensityof thelighting
sourcemayvary duringthe senoing.

Appendix
Denoting' = fx;y;zg, oneelementof (15) writesas
R = 2u;n. L. (79)
which gives
rR=2nr uy+ ux n r L. (80)
leadingto
2 [ R 3
R=8r Ry b=onruj+20,0" Ot 81)
rR;
wherer U is thespatialgradientof u, givenby
rup=J"L+J3 n: (82)
that nally yields
JR=2nL>J3"+n>J3" +2ud" Jt: (83)
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Figurel5: Positioningtaskwith thelight sourcemountedon thecamera(a) costfunc-
tion assumingatemporaluminanceconstang model(greenjandusinganillumination
model(red); (b) Cameravelocity assuminga temporalluminanceconstang; (c) Cam-
eravelocity usinganillumination model. (d) Imagesacquiredduring the positioning
task(left) anderrorimagel | (right).
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Figurel6: View of thelighting, thecameraandtheobjectto track. Theobject(aphoto)
is attachedo a motorizedrail thatallows to controlit motion.

Figurel7: Firstexperiment:Trackingconsideringheinteractionmatrix undertempo-
ral luminanceconstang hypothesis.As canbe seenthe trackingtaskfailed quickly.
Firstrow shavstheimageacquiredoy thecamerawhilel | is shovn onthesecond
row.
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