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Abstract— This paper proposesa new way to achieve robotic
tasks by visual servoing. Instead of using geometric features
(points, straight lines, pose,homography, etc.) as it is usually
done, we use dir ectly the luminance of all pixels in the image.
Since most of the classical control laws fail in this case,we
tur n the visual servoing problem into an optimization problem
leading to a new control law. Experimental results validate
the proposed approach and show its robustness regarding
to approximated depths, non Lambertian objects and partial
occlusions.

I . INTRODUCTION

Visualservoing consistsin usingthe informationprovided
by a vision sensorto control the movementsof a dynamic
system[1]. Robust extraction and real-timespatio-temporal
trackingof visual cuesis usuallyoneof the keys to success
of a visual servoing task.This trackingprocesshasbeen,to
date,consideredas a necessarystepand is also one of the
bottlenecksof theexpansionof visualservoing. In this paper
we show thatsucha trackingprocesscanbetotally removed
and that no other information than the imageintensity (the
pure image signal) can be consideredto control the robot
motion.

Classically, to achieveavisualservoingtask,asetof visual
featureshasto beselectedfrom theimageallowing to control
thedesireddegreesof freedom.A control law hasalsoto be
designedso that thesevisual featuress reacha desiredvalue
s� , leadingto a correct realizationof the task. The control
principleis thusto regulateto zerotheerrorvectors� s� . To
build thiscontrollaw, theknowledgeof theinteractionmatrix
L s is usually required.For eye-in-handsystems,it links the
time variationof s to the camerainstantaneousvelocity v

_s = L s v (1)

with v = (v; ! ) wherev is the linear velocity and! is the
angularvelocity. This interactionmatrix plays an essential
role. Indeed,if we considerthe cameravelocity as input of
the robot controller, the control law is designedto try to
obtainan exponentialdecoupleddecreaseof the error s� s�

v = � � bL +
s (s � s� ) (2)

where � is a proportional gain that has to be tuned to
minimize the time-to-convergence,and bL +

s is the pseudo-
inverseof a modelor an approximationof L s [1].

Visualservoing explicitly relieson thechoiceof thevisual
featuress (andthenon therelatedinteractionmatrix); that is
thekey point of theapproach.With a vision sensorproviding
2D measurementsx(r k ) (wherer k is thecameraposeat time
k), potentialvisual featuress are numerous,since2D data
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(coordinatesof feature points in the image, moments,...)
as well as 3D data provided by a localization algorithm
exploiting the extracted2D featurescan be considered.If
the choice of s is important, it is always designedfrom
visual measurementsx(r k ). A robust extraction, matching
(between x(r k ) and x � = x(r � )) and real-time spatio-
temporaltracking(betweenx(r k � 1) andx(r k )) have proved
to be dif�cult, as testi�ed by the abundantliteratureon the
subject.

In this paperwe proposeto radicallymodify theprocedure
by removing the extractionof geometricmeasurementsand
consequentlythe matchingandtrackingprocess.To achieve
this goal we useas visual featuresthe simplestfeaturethat
can be considered:the image intensity. The visual feature
vector s is nothing but the image while s� is the desired
image.The error s � s� is thenonly the differencebetween
the current and desiredimage (that is I � I � where I is
a vector that containsimage intensity of all pixels). If we
assumethattheobservedsceneis Lambertian,wecanexhibit
the analytical form of the interactionmatrix relatedto the
luminance.This interactionmatrix can be derived from the
optical �ow constraint equation (OFCE) [2] as has been
donein [3]. Using the imageintensityasvisual features,the
classicalcontrol law, givenby equation(2), at bestconverges
with a slow and inappropriatecameramotion or simply
diverges, we thus turn the visual servoing problem into a
minimization one as in [4] or [5]. We show that using this
approachit is thenpossibleto handlepositioningtasks.

Consideringthe whole imageas a featurehaspreviously
been consideredin [6], [7]. As in our case,the methods
presentedin [6], [7] did not require a matching process.
Neverthelessthey differ from our approachin two important
points. First, they do not use directly the image intensity
but an eigenspacedecompositionis performed to reduce
the dimensionalityof image data.The control is then per-
formed directly in the eigenspaceand not directly with the
image intensity. This requiresthe off-line computationof
this eigenspace(using a principal componentanalysis)and
then, for eachnew frame, the projection of the image on
this subspace.Second,the interactionmatrix relatedto the
eigenspaceis not computedanalyticallybut is learnedduring
an off-line step.This learningprocesshas two drawbacks:
it has to be done for each new object and requires the
acquisitionof many imagesof the sceneat variouscamera
positions.Consideringananalyticalinteractionmatrix avoids
theseissues.

An interestingapproach,which also considerthe pixels
intensity, hasbeenrecentlyproposedin [8]. This approach
is basedon the use of kernel methodsthat lead to a high
decoupledcontrol law. However, only the translationsand
the rotationaroundthe optical axis areconsideredwhereas,



in our work, the6 degreesof freedomarecontrolled.Finally,
in [9], the authorspresentan homography-basedapproach
to visual servoing. In this method the image intensity of
a planar patch is �rst used to estimatethe homography
(using the ESM algorithm describedin [9] for example)
betweencurrent and desiredimage which is then used to
build the control law. Despitethe fact that, as in our case,
image intensity is used as the basis of the approach,an
important image processingstep is necessaryto estimate
the homography. Furthermore,the visual featuresused in
the control law rely on the homography matrix. Finally, a
matching processbetweenthe current and desired image
patchesis required.

In the remainderof this paper we �rst reformulatethe
visual servoing problem as an optimization problem in
SectionII. The interactionmatrix relatedto the luminance
is then recalled in Section III. We then study in Section
IV the chosencost function and proposean optimization
method suitable to our problem in Section V. Section VI
shows experimentalresultsfor several positioningtasks.

I I . V ISUAL SERVOING AS AN OPTIMIZATION PROBLEM

Differentcontrol laws canbe derived regarding the mini-
mization techniqueone uses.Their goal is to minimize the
following cost function

C(r ) = (s(r ) � s(r � ))> (s(r ) � s(r � )) (3)

wherer describesthecurrentposeof thecamerawith respect
to the object(it is an elementof R3 � SO(3)) andwherer �

is the desiredpose.Several methodsaredetailedin [4], we
only give here the most interestingresultswhile focusing
on the differential approaches.In that case,a step of the
minimizationschemecanbe written as follows

r k+1 = r k � tk d (r k ) (4)

where“ � ” denotesthe operatorthat combinestwo consec-
utive frame transformations,r k is the currentpose,tk is a
positive scalar(the descentstep)and d (r k ) a direction of
descentensuringthat (3) decreasesif

d (r k )> rC (r k ) < 0: (5)

In thatcase,thefollowing velocitycontrollaw canbederived
consideringthat tk is small enough

v = � k d (r k ) (6)

where� k is a scalarthatdependson tk andon thesampling
rate.It is often chosenasa constantvalue.In the remainder
of the paperwe will omit the subscriptk for the sake of
clarity.

A. Steepestdescent(gradientmethod)

The direction of descent(used for example in [10]) is
simply

d (r ) = �rC (r ) (7)

where

rC (r ) =
�

@s
@r

� >

(s(r ) � s(r � )) : (8)

Sincewe have _s =
@s
@r

_r = L sv , we obtain the following
control law

v = � � L >
s (s(r ) � s(r � )) : (9)

B. Gauss-Newton

When r k lies in a neighborhoodof r � , s(r ) can be
linearized around s(r k ) and plugged into (3). Then, after
having zeroedits gradient,we obtain

d (r ) = �

 �
@s
@r

� > �
@s
@r

� ! � 1

rC (r ) (10)

that becomesusing(8)

v = � � L +
s (s(r ) � s(r � )) (11)

which is nothingbut (2). It is the control law usuallyused.

C. Newton

If we locally approximateC(r ) by its secondorderTaylor
seriesexpansionin r k andcancelits gradient,we have

d (r ) = �
�
r 2C(r )

� � 1
rC (r ) (12)

with

r 2C(r ) =
�

@s
@r

� > �
@s
@r

�
+

i = dim sX

i =1

r 2si (si (r ) � si (r � )) :

(13)
This approachhasshown its ef�ciency in [11] for example.
Note that the vector d(r ) is really a direction of descentif
r 2C(r ) > 0 holds(see(5)). Notealsothat theNewton's and
Gauss-Newton's approachesareequivalent in r � .

D. Levenberg-Marquardt

This methodconsidersthe following direction

d(r ) = � (G + � diag(G)) � 1 rC (r ) (14)

where G is usually chosenas r 2C(r ) or more simply as�
@s
@r

� > �
@s
@r

�
leadingin that last caseto

v = � � (H + � diag(H )) � 1 L >
s (s(r ) � s(r � )) (15)

with H = L s
> L s. Theparameter� makespossibleto switch

from a steepestdescentlike approachto a Gauss-Newton
onethanksto theobservationof (3) during theminimization
process.Indeed,when� is very high (15) behaveslike (9) 1.
In contrast,when � is very low (15) behaves like (11).

1More precisely, eachcomponentof the gradientis scaledaccordingto
the diagonalof the Hessian,which leadsto larger displacementsalong the
directionwherethe gradientis low.



I I I . LUMINANCE AS A VISUAL FEATURE

The visual featuresconsideredin this paperare the lumi-
nanceI of eachpoint of the image.In fact we have

s(r ) = I (r ) = (I 1� ; I 2� ; � � � ; I N � ) (16)

whereI k � is nothingbut the k-th line of the image.I (r ) is
then a vector of size N � M whereN � M is the size of
the image.As it hasbeenshown in SectionII, all thecontrol
laws requirean estimationof the interactionmatrix. In our
case,as alreadystated,we are looking for the interaction
matrix relatedto the luminanceof a pixel in the image.Its
computationis recallednow.

The basichypothesisassumesthe temporalconstancy of
the brightnessfor a physical point betweentwo successive
images.This hypothesisleadsto the so-calledoptical �ow
constraint equation(OFCE)that links the temporalvariation
of the luminanceI to the imagemotion at point x [2].

Moreprecisely, assumingthatthepointhasadisplacement
dx in the time interval dt, the previous hypothesisleadsto

I (x + dx ; t + dt) = I (x ; t): (17)

Written with a differential form, a �rst order Taylor series
expansionof this equationaroundx gives

r I > _x + _I = 0: (18)

with _I = @I =@t. It becomesthenstraightforwardto compute
the interaction matrix L I related to I by plugging the
interactionmatrix L x relatedto x into (18). We obtain

_I = �r I > L x v : (19)

Finally, if we introducethe interactionmatricesL x and L y
relatedto the coordinatesx andy of x, we obtain

L I = � (r I x L x + r I y L y ) (20)

wherer I x and r I y are the componentsalong x and y of
r I . Note that it is actually the only imageprocessingstep
necessaryto implementthe presentedmethod.

Of course,becauseof the hypothesisrequiredto derive
(17), (20) is only valid for Lambertianscenes,that is for
surfacesre�ecting the light with the sameintensity in each
direction. Besides,(20) is also only valid for a motionless
lighting sourcewith respectto the scene.Thesehypotheses
canbeseenasrestrictive, however we will seein SectionVI
that (20) can be ef�ciently used even when Lambertian
constraintsarenot alwaysvalid.

IV. ANALYSIS OF THE COST FUNCTION

Since the convergenceof the control laws describedin
SectionII highly dependson the costfunction (3), we focus
hereon its shape.

To do that, we considerthe vector I (r ) given by (16).
We write r = (t ; � ) where t = (tx ; ty ; tz ) describesthe
translationpart of the homogeneousmatrix related to the
transformationfrom the current to the desiredframe, and
where� = (� x ; � y ; � z ) describesits rotationpart.

As an example,Fig. 1b andFig. 1c describethe shapeof
thecostfunction (3) in thesubspace(tx ; � y ) whenthescene
beingobserved is planar(seeFig. 1a) andwhenthe desired

poseis suchthat the imageplaneand the object planeare
parallelat thedepthZ � = 80 cm. Let uspoint out that this is
the mostcomplex case(with its dual case(ty ; � x )). Indeed,
it is well known that it is very dif�cult to distinguishin an
imagean x axis translationalmotion (respectively y) from
a y axis rotationalmotion (respectively x). It explains why
thecostfunction is low in a preferentialdirection,asclearly
shown on Fig. 1b andFig. 1c.

Simulationson variousimageshave shown that the shape
of the cost function (3) doesnot dependtoo much on the
sceneassoonastheimagedoesnot containperiodicpatterns
or strong changesof the spatial gradient.For the motions
consideredhere, it always shows a narrow valley at the
middle of a gentle slope plateauwith non constantslope.
Note that the directionof that valley dependson Z � . It is in
the direction of the � y axis when Z � � 0, the direction of
tx when Z � ! + 1 . Note also in Fig. 1b that (3) is only
quasiconvex, moreover on a very small domain.

Let us studymoreprecisely(3) in a neighborhoodof r � .
To do that, we performa �rst orderTaylor seriesexpansion
of the visual featuresI (r ) aroundr �

I (r ) = I (r � ) + L I � �r (21)

where �r denotesthe relative pose betweenr and r � .
Therefore, by plugging (21) and (16) into (3), the cost
function canbe approximatedin a neighborhoodof r �

dC(r ) = �r > H � �r (22)

with H � = L >
I � L I � . In practice,becauseof the specialform

of the interactionmatrix given in (20) (its translationpart
containstermsrelatedto the depths),the eigenvaluesof the
matrix H � arevery different2. Consequently, in thesubspace
(tx ; � y ) (respectively (ty ; � x )), thecostfunctionis anelliptic
paraboloidwith a very high major axis with respectto its
minor axis leadingconsequentlyto nearparallel isocontours
as shown on Fig. 1c. Moreover, the eigenvectors of H �

point out somedirectionswherethe cost function decreases
slowly when its associatedeigenvalue is low or decreases
quickly whenits associatedeigenvalueis high. In thecaseof
Fig. 1c, the eigenvectorassociatedto the smallereigenvalue
correspondsto the valley where the cost varies slowly. In
contrast,it variesstronglyalonganorthogonaldirection,that
is in a direction near rC (r ). We will use this knowledge
aboutthe cost function in the next section.

V. POSITIONING TASKS

As shown in SectionII, severalcontrollaws canbeusedto
minimize (3). We �rst usedthe classicalcontrol laws based
on the Gauss-Newton approachand the ESM approach[4].
Unfortunately, they all failed, either becausethey diverged
or becausethey led to unsuitable3D motion. Therefore,a
new control law hasbeenderived.

Indeed, since the general form of the cost function is
known (seeFig. 1b), we proposethe following algorithmto
converge towards the global minimum. The camerais �rst

2This resultalsoholdsfor mostof the geometricalvisual featureswhere
a term relatedto the depthoccursin the translationalpart of the interaction
matrix.
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Fig. 1. Cost function: (a) Objectbeingobserved, (b) Shapeof the cost function in the subspace(t x ; � y ), (c) Isocontoursin the subspace(t x ; � y ).

moved to reachthe valleys and next along the axes of the
valleys towardsthedesiredpose.The �rst stepcanbeeasily
done by using a gradient approach.However, as seenon
Fig. 1c, the directionof rC (r ) is constantbut its amplitude
on the plateauis not constant(seeFig. 1b) sincethe slope
varies. We have thus to tune the parameter� involved in
(9) to ensuresmooth3D velocities.A simpler approachto
achieve this goal consistsin usingthe following control law

v = � vc
rC (r init )

k rC (r init ) k
: (23)

That is, a constantvelocity with norm vc is applied in
the steepestdescentcomputedat the initial camerapose.
Consequently, this �rst stepbehavesasanopen-loopsystem.
To turn into a closed-loopsystem,we �rst detectroughly the
bottomof the valley from a 3rd orderpolynomial�ltering of
C(r ) and then apply the control law (15). Ratherto control
the parameter� as in the Levenberg-Marquardtalgorithm,
we usea constantvalueasdetailedbelow. We denoteMLM
this methodin theremainderof thepaper. Moreover, instead
of using for the matrix H the Hessianof the cost function,
we use its approximationL I

> L I . The resultingcontrol law
is thengiven by

v = � � (H + � diag(H )) � 1 L I
> (I (r ) � I (r � )) (24)

with H = L I
> L I .

We now detail how � is tuned. Fig. 2a shows the
pathsobtainedwith the MLM algorithm in the casewhere
r init = (8 cm,4 cm,-10cm,3� , -3� , -5� ) for variouschoices
of � . If a high value is used,after the open-loopmotion,
the bottomof the valley is easilyreached(seeFig. 2a when
� = 1) since(24) behavesin this caselike a steepestdescent
approach.But in this case,since the valley is narrow, the
convergenceratetowardstheglobalminimum(following the
direction of the axis of the valley) is low (seeFig. 2b). In
contrast,if � is low, (24) behaveslike a Gauss-Newton (GN)
approachand the convergenceis no more ensured(seethe
largemotionon Fig. 2awhen� = 10� 3). As canbeseen,an
intermediatevalue(� = 10� 2) hasto bechosento ensurean
optimalpath(Fig. 2a)anda high convergencerate(Fig. 2b).
Therefore,this value has been chosenin the experiments
describedin the next section.

VI . EXPERIMENTAL RESULTS

For the �rst experiment a pure Lambertianand planar
object has been used (a tablecloth) to be sure that the
interaction matrix given in (20) is valid. The initial pose
wasr init = (20 cm, 0 cm, 0 cm, 0� , 11� , 0� ). In that case,

-4

-3

-2

-1

 0

 1

 2

-2 -1  0  1  2  3  4  5  6  7  8

q y
 (

de
g.

)

tx (cm)

Initial position

End of the open-loop

Desired position

Valley axis

m = 1e-3
m = 1e-2

m = 1

(a)
 13

 14

 15

 16

 17

 18

 19

 0  2  4  6  8  10

m = 1e-2
m = 1

(b)
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we arenot very far from thevalley. Thedesiredposewasso
that the objectandCCD planesareparallel.The interaction
matrix hasbeencomputedat eachiterationbut assumingthat
all the depthsareconstantandequalto Z � = 80 cm, which
is a coarseapproximation.Fig. 3adepictsthebehavior of the
costfunctionusingtheGN methodwhile Fig. 3b depictsthe
behavior of the cost function using the MLM method.The
initial and �nal imagesare reportedrespectively on Fig. 3c
andFig. 3d; Fig. 3e andFig. 3f depictrespectively the error
cue I � I � at the initial and �nal positions.First, as can
be seenon Fig. 3a and b, both the control laws converge
sincethe costfunctionsvanish.As canbe seen,the time-to-
convergencewith the GN methodis very high wrt the one
of the MLM method.Note that it was also very dif�cult to
tune the gain � for the GN method,a compromisebetween
oscillations at the end of the motion and relative high
velocities at the beginning had to be managed.Therefore,
it hasbeenset to 5 at the beginning of the motion andto 1
nearthe convergence.For the MLM methoda constantgain
� = 4 hasbeenused.On the otherhand,we canclearly see
the �rst stepof the MLM algorithm(until t � 2:5 s) where
anopen-loopis used,thecostdecreasesandincreasesbefore
thebottomof thevalley canbedetectedby the�lter (Fig. 3b).

The secondexperimentis much more complex than the
previous one.First, the desiredposehasbeenchanged.The
imageplaneandtheobjectplaneareno moreparallel:a 5� x
axisrotationhasbeenperformed.Thusthedesireddepthsall
have differentvalues.Nevertheless,we keepZ = 80 cm for
all pointsin theinteractionmatrix to show therobustnesswrt
the scenestructurevariation. Moreover, a non Lambertian
object has beenused,it is a photographcovered by glass
and, as shown in Fig. 4, specularitiescan clearly be seen.
The initial poseis also more complicatedsince it involves
larger motion to reachthe desiredposition.Indeed,we have
r init = (20 cm, 10 cm, 5 cm, 10� , 11� , 15� ). The behavior
of theMLM controllaw is depictedin Fig. 5. Moreprecisely,
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Fig. 5a depictsthe cameravelocity; Fig. 5b the behavior of
the cost function; Fig. 5c the translationalpart of the pose
�r betweenr and r � and Fig. 5d its rotational part (the
rotationsare representedby a unit rotation axis vector and
a rotation anglearoundthis axis). As can be seen,despite
the non Lambertianobject and all the approximationswe
used,the control law converges without any problem.The
cameravelocitiesarehowever noisy. That is becausethecost
functionis not smooth.Nevertheless,they have a smalleffect
on the cameratrajectoryas seenin Fig. 5c and5d. Finally,
the �nal positioningerror is very low sincewe have �r =
(-0.1 mm, -0.1 mm, -0.1 mm, -0.01� , -0.01� , -0.01� ). It is
becauseI � I � is very sensitive to the poser .

The next experiment deals with partial occlusions.The
desired object pose is unchangedbut the initial pose is
r init = (20 cm, 10 cm, 5 cm, 10� , 11� , 5� ). After having
moved the camerato its initial position,an objecthasbeen
addedto the scene,so that the initial imageis now the one
shown in Fig. 6aandthedesiredimageis still theoneshown
in Fig. 5f. Moreover, theobjectintroducedin thesceneis also
movedby hand,asseenin Fig. 6b andFig. 6c, which highly
increasesthe occludedsurface.Despitethat, the control law
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still converges (see Fig. 6f). Of course,since the desired
imageis not thetrueone,thecostfunctiondoesnot vanishat
theendof themotion(seeFig. 6f andFig. 6h).Nevertheless,
the positioningerror is not affectedby the occlusionssince
the �nal positioning error is �r = (-0.1 mm, -0.21 mm,
-0.1 mm, -0.02� , 0.02� , -0.01� ) and it is very similar with
the previous experiment.This very nice behavior is due to
the high redundancy of the visual featureswe use.

The goal of the last experimentis to show the robustness
of the control law wrt the depths.For this purpose,a non
planarscenehasbeenusedasshown on Fig. 8. It shows that
large errors in the depth are introduced(the height of the
castletower is around30 cm). The initial anddesiredposes
are unchanged.Fig. 7 depictsthis experiment.Here again,
the control law still converges and the positioning error is
still low sincewe have �r = (0.2 mm, -0.2 mm, 0.1 mm,
-0.01� , -0.02� , 0.01� ).

VI I . CONCLUSION AND FUTURE WORKS

We have shown in this paperthat it is possibleto usethe
luminanceof all the pixels in an imageasvisual featuresin
visualservoing. To thebestof our knowledgethis is the �rst
time thatvisualservoinghasbeenhandledwithoutany image
processing(excepttheimagespatialgradientrequiredfor the
computationof the interactionmatrix) nor learningstep.To
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Fig. 7. Fourth experiment.Robustnesswrt depths.MLM method(x axis in secondfor (a) and(b), framenumberfor (c) and(d)). (a) Cameravelocities
(m/s or rad/s),(b) Cost function, (c) Translationalpart of �r (m), (d) Rotationalpart of �r (rad.), (e) Initial image,(f) Final image,(g) I � I � at the
initial position,(h) I � I � at the endof the motion.

Fig. 8. The non planarscene.

do that, we proposeda new control law sincethe classical
onesusedwith geometricalfeaturesfail whenusingthelumi-
nance.Our approachhasbeenvalidatedon positioningtasks.
Thepositioningerror is very low. Supplementaryadvantages
arethatourapproachis notsensitive to partialocclusionsand
to coarseapproximationsof the depthsrequiredto compute
the interactionmatrix. Finally, even if it hasbeencomputed
in the Lambertiancase,experimentson a non Lambertian
object has shown that very low positioning errors can be
reached.Futurework will concerntargettracking.To do that,
since the relative posebetweenthe target and the lighting
will be no more constant,an importantissuewill be in the
determinationof the interactionmatrix.
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