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Abstract:
Robustnessand accuracyaremajor issuesin real-time object tracking in imagesequences.

This paper describesa reliable tracking for markerlessobjects basedon the fusion of visual
cuesand on the estimation of a 2D transformation. The parametersof this transformation
are estimated using a non-linear minimization of a unique criterion that integrates informa-
tion on both texture and edgesof the tracked object. The proposedtracker is then more
robust and succeedsin conditions where methods basedon a single cue fail. The tracker
can deal with polygonal shaped objects but also with those which can be modeled by a
B-spline. In the latter case,NURBS are used to reduce time processing. The e�ciency
and the robustnessof the proposedmethod are tested on image sequencesas well as during
image-basedvisual servoing experiments.
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Suivi temps-r �eel d'ob jets planaires: appro che contour et
texture

R�esum�e : Le suivi temps-r�eel d'un objet dans une s�equenced'images reste un probl�eme
sensible au niveau de la pr�ecision des r�esultats et de la prise en compte d'occultations.
La m�ethode d�ecrite dans cet article permet un suivi plus e�cace d'objets planaires sans
utiliser de marqueurs sp�eci�ques. Elle se basesur la fusion d'informations visuelleset sur
l'estimation d'une transformation 2D. Les param�etres de cette transformation sont estim�es
par une minimisation it �erative d'un crit �erehybride qui int�egre�a la fois desinformations sur
la texture et sur le contour de l'ob jet suivi. L'algorithme est alors plus robuste et permet
d'achever un suivi correct quand l'utilisation d'un seul type d'information n'aurait passu�t
�a obtenir un r�esultat satisfaisant. Ce suivi hybride a �et�e d�evelopp�e pour des objets dont
le contour peut être mod�elis�e par des lignes mais aussi par une B-Spline. Dans ce dernier
cas,l'impl �ementation est r�ealis�eeen utilisant les NURBS pour diminuer fortement le temps
de calcul. L'e�cacit �e de ce suivi a �et�e test�ee sur des s�equencesd'images mais aussi lors
d'exp�eriencesd'asservissement visuel avec une cam�era mont�eesur un robot.

Mots cl�es : suivi de contour, template matching, estimation du mouvement robuste
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1 In tro duction

Object tracking in image sequencesis an important issue for research and applications
related to visual servoing and more generally for robot vision. A robust and real-time
spatio-temporal tracking processof visual cues is indeed one of the keys to successof a
visual servoing task. Fiducial markers have been used for a long time since they ensure
reliable and fast tracking. However, as these features are not present in realistic environ-
ments, it is no longer possible to be limited to such techniques. For the time-being, most
of the available tracking techniques can be divided into two main classes:edge-basedand
texture-basedtracking. The former approach focuseson tracking 2D or 3D featuressuch as
geometrical primitiv es (points, segments, circles,.. . ), object contours, 3D object, etc. The
latter explicitly usesthe texture or the luminance information that represents the tracked
object.

Edge-basedtrackersrely on the high spatial gradients outlining the contour of the object
or somegeometricalfeaturesof its pattern (points, lines, circles,distances,splines,...). When
2D tracking is considered, such edge points enable to estimate the geometrical features
parameters whosevalues de�ne the position of the object [12]. Snakes or active contours
are also basedon high gradients and can be used to outline a complex shape [3]. If a 3D
model of the object is available [7, 8], edge-basedtracking is closely related to the pose
estimation problem and is therefore suitable for any visual servoing approach. This implicit
3D information improves robustnessand performance by being able to predict the hidden
movement of the object and acts to reducethe e�ects of outlier data in the tracking process.
As only planar structures are consideredin this paper, these latter methods that require
a 3D model of the sceneare not further detailed. In general, edge-basedtechniques have
proved to be very e�ectiv e for applications that require a fast tracking process.On the other
hand, they may fail in the presenceof highly textured environments.

Previous approaches rely mainly on the analysis of intensity gradients in the images.
When the sceneis too complex(due for exampleto the presenceof high texture or to the lack
of speci�c object contours), other approachesare required. Another possibility is to directly
considerthe brightnessvaluesand to perform 2D matching on an area (a part of the image
or in somecasesthe whole image) without any feature extraction: we then refer to template-
basedtracking or motion estimation (according to the problem formulation) [11, 22]. The
goal of such algorithms is to estimate a set of parametersthat describesthe transformation
or the displacement of the consideredarea by minimizing a given correlation criterion. It
is possible to solve this problem using e�cien t minimization techniques that are able to
considerquite complex 2D transformations (such as a�ne or homographic motions). Such
an approach has been proposed in [11]. In this work, Hager and Belhumeur de�ne an
Jacobian matrix that links the variation of the motion parameters to the variation of the
brightnessvalue. An extensionof this approach hasbeenproposedin [16] wherethe pseudo-
inverseof the Jacobianmatrix is learnedo�ine. Whereasin [11] an a�ne motion estimation
is considered,homography estimation is consideredin [2, 4, 16]. Furthermore, [2] usesa
secondorder minimization based on Lie Algebra in order to speed up the minimisation
process.[20, 21] proposeto update the texture template used in such methods to improve
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4 Pressigout& Marchand

the tracking. Let us note that these methods are closely related to classical image motion
estimation algorithms [22]. Such tracking techniquesarealsofast and reliable whena \go od"
texture is present on the tracked object but fail otherwise.

One can notice that these two classesof approaches have complementary advantages
and drawbacks. In order to develop algorithms robust to aberrant measurements and to
potential occlusions,it is interesting to take into account visual information related to these
di�eren t types,i.e. exploiting either edge-basedor texture-basedfeaturesto track the object.
Someapproachesrely on probabilistic frameworks. In [24], the authors considera texture-
basedapproach to �nd the projected contour of a 3D object. The standard gradient-based
detection is substituted by a method which computes the most probable location of the
texture boundary. Someclassical single-cuetrackers, such as the condensationalgorithm,
have been extended to multi-cue tracking [15]. 2D visual cuesfusion using voting has also
beenstudied in [17] and consideredfor visual servoing applications. However, this work is
not directly related to edgeand texture fusion. Someother methods use sequentially the
edge-basedtracker and the texture-basedone, in order to combine robustnessand accuracy,
as in [1, 6, 18]. However in thesecasesmotion estimation is mostly usedto achieve a better
position of the edge (and therefore to ensure the robustnessof the tracker). Thus these
latter approchesdo not take bene�t of several advantagesfrom using them simoultaneously,
like dealing with a wider rangeof objects and larger motions. Let us note that in a di�eren t
context (using 3D model), edge and texture information have also been fused for pose
computation in [26] where a model-basedapproach that considersboth 2D-3D matching
against a keyframe and 2D-2D matching temporal matching is proposed.

The method presented in this paper integratessimultaneously both contour and texture.
Our goal was to de�ne a unique state vector that describes both the appearanceof the
template aswell asits edgeboundaries. Consideringthis state vector, weareable to compute
the parametersof a 2D transformation that minimizes the error betweena current multi-cue
template and the displacedreferenceone. Both edgesand texture tracking algorithms can be
seenas optimization algorithms: the hybrid tracking algorithm fusesthe motion estimation
of edgelocations and texture points in an unique non-linear minimization process.A similar
approach has been proposedin [19]. In this latter work, the template matching algorithm
is handled using the texture-based tracking algorithm proposed in [16] (the Jacobian is
learnedo�ine) whereasours usesan explicit formulation of the Jacobian [11]. Furthermore,
although the edgeand texture points are exploited in a similar manner, the feature selection
is di�eren t. In [19], edgeand texture points are classi�ed according to the eigen-values of
the signal autocorrelation matrix. Sharp edgesof the texture are then likely to be classi�ed
as edgepoints. As a consequence,the remaining points that are classi�ed as texture points
hold little information since they belong to smooth gradient varying regions. As it will
be further described, we chooseanother classi�cation that is to our point of view a better
representation of the object: the edge location are evenly sampled along the geometrical
features outlining contours of the object and the texture points are the sharp edgesof the
object pattern. As said in [25], better features enablesa better tracking.

Irisa



Contour/T exture Approach for Model-Free Tracking 5

The paper is organizedas follows. The tracker is presented in Section 2. Subsection2.1
describesthe generalframework of the object tracking which is basedon a 2D transformation
estimation and the 2D transformation estimation is developped in Subsection2.2. Sincedata
are likely to be corrupted with noise,M-estimation is intro ducedin the minimization process
via an iterativ ely re-weighted least squaresimplementation as explained in Subsection2.3.
Details about the edge-basedand texture-basedfeaturesare given in Subsection2.4. Finally,
several experiments in Section 3 will illustrate the behavior of the tracker on real image
sequencesand also during visual servoing experiment.

2 Hybrid trac king based on 2D transformation estima-
tion

2.1 2D transformation

The tracking of the object is performed by estimating the 2D transformation that best
describes its motion in the image. This transformation can be described by M parameters
stored in a vector � . The 2D transformation � t of the object betweenthe �rst image I 0 and
image I t is such that, if x0 = (x0; y0) is a point in I 0 belonging to the object and x � t its
corresponding point in I t , then :

x � t = 	 � t (x0) (1)

where 	 � t is the 2D transformation described by � t (seeFigure 1). We note � t the current
valuesof the parametersand b� t their estimated values.

I tI 0

	 � t

Figure 1: Estimating the object motion

Sinceplanar structures are considered,the 2D transformation is an homography. x being
expressedin homogeneouscoordinates, one has1;2 :

xh
� t

>
�

0

@
� 0 � 1 � 2

� 3 � 4 � 5

� 6 � 7 � 8

1

A xh
0

>
(2)

1 � is the notation for the equalit y up to scale.
2 the superscript h is added when the homogeneous coordinates are used
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6 Pressigout& Marchand

Therefore the parameters to be estimated are :

� t =
�

� 0; � 1; � 2; � 3; � 4; � 5; � 6; � 7; � 8
�

(3)

It is not required to choosea speci�c representation for the homography (for examplesetting
� 8 to 1) sincethe method proposedin this paper is invariant to the scalefactor.

2.2 Transformation estimation

Let m = (m1; : : : ; mN ) denote the vector of dimension N that stores the value of the N
visual features. m i can be either a brightnessvalue or a distancebetweena imagepoint and
a 2D geometrical feature, etc. Its value measuredin I t is noted m t = (m1

t ; : : : ; mN
t ) and its

current value in I t estimated according to the 2D transformation estimation � t is denoted
by m � t = (m1

� t
; : : : ; mN

� t
).

The objective of our method is to estimate the 2D transformation that veri�es (1). This
is achieved by minimizing the error betweenthe current value m � t and its value m t observed
in the current image I t :

b� t = argmin
� t

k m � t � m t k2 (4)

One has b� t = b� t � 1 + b� t , b� t � 1 being the 2D transformation parameters estimated for the
previous image from the �rst image. The problem is then to estimate the value b� t that
minimizes :

b� t = argmin
� t

k mb� t � 1 + � t
� m t k2

| {z }
e

(5)

The error e as de�ned in (5) is regulated to zero by updating b� t with an iterativ e
minimization processbasedon a �rst order approximation. For the k-th iteration, one has:

b� t (k ) = b� t (k � 1) + c� � (k )

with c� � (k ) = � � J+
m � t ( k � 1)

e
(6)

where � t (k � 1) = b� t � 1 + b� t (k � 1) . The subscript k that denotes the iteration number is
suppressedfrom now to simplify the notations. Jm � t

is the Jacobian matrix of m with
respect to the M current 2D transformation parameters � t . It is a N � M matrix storing
the N Jacobian matrices Jm i

� t
of each visual feature m i

� t
:

Jm � t
=

2

6
4

Jm 1
� t

: : :
Jm N

� t

3

7
5 with Jm i

� t
=

@m i
� t

@� t
(7)

Sincethe tracking must be as fast as possible,an interesting choice for the Jacobian matrix
is the one computed at the �rst iteration of the minimization process.Since the 2D trans-
formation is small between images, it is an su�cien t solution. In the result section, it will
be shown that even large motions can be handled with this choice.

Irisa



Contour/T exture Approach for Model-Free Tracking 7

2.3 Robust estimation

The minimization processis sensible to outliers that can be due to occlusions or noise.
M-estimators are therefore intro duced in (6) to eliminate thesedata:

c� � = � � (DJ m � t
)+ De (8)

where D is a N � N diagonal matrix such as:

D = diag(w1; :::; wN ) (9)

The N weights wi re
ect the con�dence in each visual feature m i
� t

and are usually given
by [13]:

wi =
 (� i =� )

� i =�
(10)

with  (u) the in
uence function and � i the normalized residuegiven by � i = � i � M ed(�)
(where M ed(�) is the standard deviation of the inlier data). Various in
uence functions
have beenstudied in the literature. The Tukey's hard re-descendingfunction is considered
here sinceit completely rejects outliers.

2.4 Hybrid features

The approach described above is valid for any visual feature m as long as the associated
Jacobianmatrix Jm is available. This providesa generalframework to fusedi�eren t kinds of
visual features. Thus one can take bene�t simoultaneously from the advantagesof each one
to enlargethe convergencearea of the tracker. Both edge-basedand texture-based features
are exploited in our hybrid tracker. Each of them has di�eren t properties in the tracking
process.The �rst onesrely on the edgelocations extracted in the current image, the second
oneson the brightnessvaluesof the pattern.

The edgesextraction gives helpful information about the object location in the image
It relies on the current image analysis and therefore is less dependent on the past than
the features basedon the brightnessvalue. The useof the edge-basedfeatures enablesthe
current contour C� t estimated using parameters � t to lie on the edgelocations extracted in
the current image. As it will be further detailed in part 2.4.1, the edge-basedfeatures are
point-to-contour distance d?

�
C� t ; x i

t

�
. Using only such features is equivalent to estimate � t

exploiting only the edgeinformation (seeFigure 2(a)).
The texture-based features are the brightness values I t (x i

� t
) sampled at the texture

points x i
� t

. The tracking then depends on past information (a referencetemplate). The
details about these features are given in part 2.4.2. Using only such features is equivalent
to estimate � t exploiting only the pattern information (seeFigure 2(b)).

When the two kinds of feature are used, exploiting both information extracted in the
current image (edge locations) and information linking the past and the current image

PI n�1698



8 Pressigout& Marchand

I tI 0

	 � t

(a)

I tI 0

	 � t

(b)

Figure 2: (a) Estimating the object motion using edgeinformation,
(b) Estimating the object motion using texture information

(brightness value) enablesan e�cien t spatio-temporal tracking. If there are N c edgeloca-
tions and N t texture points, the feature vector m will be of sizeN = N c + N t , storing both
of them :

m � t = (m1
� t

; :::; mN c
� t

; mN c +1
� t

; :::; mN c + N t
� t

) (11)

where
�
mi

� t

�
i � N c

is the feature associated with the i-th edgelocation and
�
mi

� t

�
N c <i = N c + j

is the feature associated with the j-th texture point, i.e. :

mi
� t

=
�

d?
�
C� t ; x i

t

�
if i � Nc

I t (x i
� t

)) if i > Nc
(12)

The error associated with a texture point (brightnessvalue) and the oneassociated with the
edgelocations (point-to-contour distance) are of a di�eren t order of magnitude. Therefore a
normalization must be performed to take into account the information given by the di�eren t
cues. The weights in (9) are now :

w0
i =

(
w i

max j =1 :::N c ( jej j ) if i � Nc
w i

max j = N c +1 :::N ( jej j ) if i > Nc
(13)

where max j =1 :::N c (jej j) (resp. max j = N c +1 ::: N (jej j)) is the maximal absolute value stored
in the point-to-contour distance (resp. brightness di�erence) vector and wi is the weight
computed by the M-estimators.

The two following subsectionsare dedicated to the presentation of two kinds of features.

Irisa



Contour/T exture Approach for Model-Free Tracking 9

2.4.1 Edge-based features

the contours of the object and the geometrical features in the pattern of the object are
consideredhere. Theseedgesare tracked from an imageto another oneusing a search along
the contour normal. The points evenly sampled along the contours used for this low-level
tracking processare called the edgelocations and are denoted x i

t in I t (seeFigure 3).

Ct

Cc� t� 1

C� t
at di�erent stepsof

the estimationprocess

xi
t

x i
c� t� 1

xi � 1
t

xi � 1
c� t� 1

edgeextractedin the current image

estimatedcontour in the previousimage

Figure 3: Edge-basedtracking

As there is no matching correspondencebetweenthe edgelocations in I t � 1 and thosein I t

(seeFigure 3), a basic point-to-p oint distance minimization may lead to a mistaken motion
estimation. In [10], the Iterativ e Closest Point algorithm is used: at each iteration of the
minimization process,the point matching is updated before estimating the transformation
parameters. To avoid the matching step in the proposedmethod, the point-to-contour dis-
tance d?

�
C� t ; x i

t

�
is the feature usedin the minimization process(8), whereC� t = 	 � t (Cb� t � 1

)
is the contour estimated from the current parametersof the 2D transformation � t . Referring
to (5), m i

� t
= d?

�
C� t ; x i

t

�
whereasm i

t = d?
�
Ct ; x i

t

�
which obviously is equal to zero sincex i

t
is located on the contour Ct observed in I t (although Ct is never really computed).

For the J
d?

�
C� t ;x i

t

� computation, let us expressd?
�
C� t ; x i

t

�
as a function of the current

contour parameters� j (for examplelines or curvesparameters) that depend on � t . One then
has :

J
d?

�
C� t ;x i

t

� =
X

j

@d?
�
C� t ; x i

t

�

@� j

@� j

@� t
(14)

From this latter equation, onecan easily obtain the analytical form of the Jacobian matrix.

The computation of d?
�
C� t ; x i

t

�
depends on the geometrical features outlining the con-

tours. The framework has beenapplied to objects outlined by lines as well as by a NURBS
(Non Uniform Rational B-Spline) [23]. In the caseof a polygonal object, let us note l j

� t
the

lines modeling its contours according to the current 2D transformation parameters. The
distance m � t is then given by :

mi
� t

= d?
�
l j
� t

; xhi
t

�
= l j

� t
:xhi

t
>

(15)
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10 Pressigout& Marchand

where xhi
t are the edgelocations extracted in image I t using homogeneouscoordinates and

l j
� t

= (aj
� t

; bj
� t

; cj
� t

) the normalized line parameters estimated using the current parameters
of the 2D transformation..

For more complex shapes, NURBS (Non Uniform Rational B-Spline) [23] can be used
rather than B-Spline. NURBS are invariant to perpective transformation thanks to a weight
associated with each control point of the curve. The curve C� t (s) = (x � t (s); y� t (s))> is then
de�ned by :

C� t (s) :

8
>><

>>:

x � t (s) =

P
j

� j
� t

w j
� t

N j (s)
P

j
w j

� t
N j (s)

y� t (s) =

P
j

� j
� t

w j
� t

N j (s)
P

j
w j

� t
N j (s)

(16)

whereQ j
� t

= (� j
� t

; � j
� t

)> are the control points of the curve and N j (s) are the B-spline basis

functions. wj
� t

is the weight associated with the control point Q j
� t

. It could be interpreted
as the third homogeneouscoordinate of the control point, which enablesto deal easily with
homography saving time-consuming least-squareestimations [23]. The distance between a
point and the curve is approximated by the distancebetweenthe point and the line tangent
to the NURBS. The minimization problem is then similar to the polygonal object casesince
a distance between a point and a line is considered. In the result section, both casesare
presented.

If only such edge-basedfeatures are used in the minimization process(8), the output of
the tracker is accuratewhen the tracked object is not textured. However, jittering happens.
Furthermore, it requires a good initialization and it is sensitive to texture/cluttered envi-
ronment.

2.4.2 Texture-based features

the featuresconsideredhereare the classicalone in template-basedmatching, the brightness
valuesof the object pattern :

mi
� t

= I t (x i
� t

) (17)

where I t (x i
� t

) is the current brightness value sub-sampledat the location x i
� t

= 	 � t (x i
0).

The locations x i are called the texture points. With the constant illumination assumption,
onehas m t = m 0 where m 0 is the template sub-sampledin the �rst image. To improve the
tracking as it is proposedin [25], x i

0 are Harris points.
The Jacobian matrix of m j

� t
is [11] :

J I i
� t

=
@I t (x i

� t
)

@� t
= r I t (	 � t (x

i
0))> @	 � t (x

i
0)

@� t
(18)

where r I t (x) is the spatial gradient of I t at the location x. From (1), one gets easily
@	 � t (x

i
0)=@� t (see[11] for the complete derivation and speed-upcomputing).

Irisa



Contour/T exture Approach for Model-Free Tracking 11

If only such texture-based features are usedin the minimization process(8), the output
ofthe tracker is robust to large 2D transformation and to occlusions. It is very smooth as
the tracker usesinformation about the whole object. On the other side, the drawbacks of
such an approach are that it requiresa well-textured object and it is sensitive to changesof
illumination.

3 Results

To initialize a tracking, the contour selection is performed by an operator. From there, the
Harris points are selectedautomatically. They are chosensuch that they cover as much as
possiblethe whole pattern.

The four following subsectionspresent some tracking results on video sequences.Our
hybrid tracker is compared to an edge-basedone and a texture-based one [11]. These two
latter onesare similar to our hybrid tracker but using only the kind of feature associated
with. The sameamount of data is used for each tracker: if 2n features are tracked using a
single cue tracker, then n of each kind of features are tracked using our hybrid tracker. In
the �rst image of thesetracking experiments, the edgelocations and texture points used in
the minimization processare displayed (red crossesfor inliers and greenonesfor outliers).
The object position in each image is given by the current contour in red.

The objects to track in the two �rst experiments are polygonal shaped and in the two
following onesthey outlined by a NURBS.

In the last subsection,a tracking performed during a visual servoing task is presented.

3.1 The Van Gogh \starry nigh t" sequence

In this �rst sequence(about 45 images), large displacements are considered. Inter-frame
displacement may reach about 14 pixels as shown in Figure 5(a). The initial and �nal
imagesfor each tracker are shown in Figure 4. The texture-based tracker losesthe object
and the edge-basedone givesquite good results but somelittle imprecisionsare sometimes
observed (seeFigure 5(b)). The only tracker that givesa good position of the object is the
hybrid one. 470 points are tracked in each case.The hybrid tracker runs at an averagerate
of 13 Hz.
3.2 The mouse pad sequence

In this experiment (600 images), the background is highly textured. The initial images,
someintermediate and the �nal onesare shown in Figure 6. As it could be expected with a
textured background, the edge-basedtracker is disturb ed by the neighbouring contours and
�nally losesthe object. The texture-based and the hybrid onessucceedto track correctly
the mousepad.

PI n�1698



12 Pressigout& Marchand

(a) Texture-based (b) Edge-based (c) Hybrid

Figure 4: Van Gogh sequence:polygonal outline tracking. Initial and �nal images. The
texture-basedtracker fails to track the object. On the contrary , the two other onessucceed.
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Figure 5: Van Gogh sequence:polygonal outline tracking. (a) Maximum motion between
two successive frames. (b) Detail of the last image of Figure 4b: imprecisionsare observed
in the object position estimation when using the edge-basedtracker.

Irisa



Contour/T exture Approach for Model-Free Tracking 13

The di�erence between the whole initial template and its reprojection in the current
image is displayed for the three trackers in Figure 7. Let us note that although the texture-
basedtracker is basedon the brightnessdi�erence minimization, this brightnessdi�erence
on the whole template is smaller in the hybrid case. This means that the hybrid tracker
estimatesbetter the 2D transformation parameters thanks to the complementarit y of each
kind of features.

For this sequence,340 points are tracked in each case. The hybrid tracker runs at an
averagerate of 16 Hz.

(a) Texture-based

(b) Edge-based

(c) Hybrid

Figure 6: Mouse pad sequence.Initial images,someintermediate and the �nal ones. The
edge-basedtracker fails to track the object. On the contrary , the two other onessucceed.

PI n�1698



14 Pressigout& Marchand

 0

 0.05

 0.1

 0.15

 0.2

 0.25

 0.3

 0  100  200  300  400  500  600

su
m

 o
f t

he
 in

te
ns

ity
 d

iff
er

en
ce

 o
n 

th
e 

w
ho

le
 p

at
te

rn
 

image

template error (hybrid tracker)
template error  (contour-based tracker)
template error  (texture-based tracker)

Figure 7: Mouse pad sequence.Di�erence betweenthe initial template and its reprojection
in the current imagefor the texture-basedtracker (blue), the edge-basedtracker (green) and
the hybrid tracker (red)

3.3 The apple sequence

The framework described in this paper has beenapplied to objects outlined by a NURBS.
Figure 8 is an example of such a tracker. The object to track is a picture of an apple. The
challengehereis to obtain an accuratecontour, which is quite di�cult due to the background
and the shadow. The only tracker that succeedsto track the object is the hybrid one. As
previously, the selectedfeatures are shown in the �rst image. The red crossesare for the
inliers onesand the greencrossesfor the features consideredas outliers. For this sequence,
450 points are tracked in each case.

3.4 The vase sequence

In this sequenceof 410 images,the picture of a vaseis tracked. The di�culties here come
from the complex environment and the large occlusions.

The initial, intermediate and �nal imagesof the sequencefor each tracker are showned
in Figure 9. As the background is highly textured, the edge-basedtracker losesthe object
during the secondocclusion. The two others onessucceedsto track the object. As observed
in the secondexperiment, although the texture-based tracker and the hybrid one tracked
correctly the object, when comparing the di�erence between the current template and the
initial one reprojected in the current image (seeFigure 10, one can seethat the hybrid one
best estimates the 2D transformation parameters. Let note that the two peaksare due to
occlusions.

440 points were usedfor each tracker. The hybrid one runs at an averagerate of 15 Hz.
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(a) Texture-based (b) Edge-based (c) Hybrid

Figure 8: Apple sequence:NURBS tracking. Initial and �nal images. The hybrid tracker
succeedsto track the object while the two other onesfail.
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(a) Texture-based (b) Edge-based (c) Hybrid

Figure 9: Vase sequence:NURBS tracking. Initial, intermediate and �nal images. The
edge-basedtracker fails to track the object while the two other onessucceed.
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Figure 10: Vasesequence:NURBS tracking. Di�erence between the initial template and
its reprojection in the current image for the texture-based tracker (blue), the edge-based
tracker (green) and the hybrid tracker (red)

3.5 Visual servoing exp erimen t

The hybrid tracker has been used successfullyin image-basedvisual servoing . Visual ser-
voing aims to control a system dynamically by exploiting the visual information captured
by a visual sensor [9, 14]. The task is speci�ed by a set of desired features associated to
its desiredposition in the image. The velocity of a cameramounted on the end-e�ector of a
6 d.o.f robot is controlled such that the error between the desired features and the current
value of the features gets minimized. The features chosenfor this experiment are basedon
the image moments of the object as de�ned in [5].

The tracking processis a really important step in a visual servoing task. Using inertial
moment asvisual feature requiresa very preciseestimation of the object localization. If the
tracking lacks of precision, the task may divergeor may be not accurately achieved.

The task is performed four times: onceto test the output of each tracker when no occlu-
sion occursand onceagain to test the output of the hybrid tracker when multiple occlusions
occur. Let us note that no information about the camera motion is used in the tracking
process.The desiredposition of the object in the image is given by hand.

The initial and �nal imagesof the experiment performed without occlusionare shown in
Figure 11. The desiredposition of the object in the image is drawn in green.

The visual servoing task wasstopped when a part of the object is out of the image. Even
if it may not be a failure, onecan seethe tracking wasbad in the singlecuecases.Although
the tracker proposed in this paper is slower than the single-cuetrackers, the experiments
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(a) Texture-based (b) Edge-based (c) Hybrid

Figure 11: Visual servoing experiments without occlusion. Greenrectangle: desiredposition
of the object in the image. Initial and �nal images. Only the hybrid tracker performs a
good tracking. The edge-basedtracker completely divergesand the texture-based lacks of
accuracy.

Figure 12: Visual servoing experiment with occlusions. Green rectangle : desired position
of the object in the image. The greencrossesare points associated with featuresconsidered
as outliers (due to noise,occlusionsor shadow) and the red onesare for the inliers ones.
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show that it is better than the single-cueones. Using only texture information is not accu-
rate enough becauseof the object scalechangesduring the experiment. In such cases,the
edge-basedfeaturesare important to adjust moreaccurately the object position in the image.

The initial image,someintermediate and the �nal onesof the experiment performedwith
occlusionsare shown in Figure 12. The green crossesare points associated with features
consideredasoutliers (due to noise,occlusionsor shadow) and the red onesare for the inlier
ones. Hidden edgelocations are represented in blue. One can seethat the occluded parts
are well detected.

The output of the hybrid tracker enablesa good behavior of the camera and the posi-
tionning task is correctly achieved. In Figure 13(a), the evolution of the cameravelocity is
shown, aswell asthe error betweenthe desiredfeaturesand the current onesin Figure 13(b).
The camera displacement is smooth and the accuracy of our tracker enablesto achieve a
very good positioning. In Figure 14, the desired position and the two �nal ones(without
and with occlusions) obtained using the hybrid tracker are presented. The positionning is
well achieved in both cases:the error on the cameraposeis below 1 degreeon rotation and
5 mm on translation when no occlusionoccursand below 1.5 degreeon rotation axis and 10
mm on translation when occlusionsoccur.
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Figure 13: Visual servoing without occlusion using our hybrid tracker. (a) cameravelocity,
(b) error in the image of each visual feature
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Axes tx ty tz r x r y r z

Desired 403.3 -51.3 300 17.8 0 5.2
pose
Final 408.7 -51.3 299.4 18.4 0 4.7

pose(a)
Final 413.8 -48.9 300.2 18 -0.2 4

pose(b)

Figure 14: Visual servoing using our hybrid tracker: desired and �nal positions (a) case
without occlusion, (b) casewith occlusions(tx , ty and tz are in mm while r x , r y and r z are
in degrees)

4 Conclusion

In this paper a reliable 2D tracker has beenpresented. It is basedon a multi-cue template
matching wherean object is represented by the most relevant points of its brightnesspattern
and a regular sampling along its contours. By fusing the motion estimation of the edge
locations and the texture points, the proposed approach enablesan accurate tracking of
textured objects in a textured background. It relies on a non-linear minimization process.
Furthermore the minimization handlesoutlier rejection and the tracking is therefore robust
to noiseand partial occlusion.

Di�eren t experiment situations have been described which point out the robustnessof
the tracker to the nature of the tracked object, to the complexity of the environment or to
the motion range. Sincethis tracker is preciseand fast enough,it hasbeenusedsuccessfully
in visual servoing experiments where single cue trackers have failed or were not accurate
enough.

The 2D transformation presented in this paper is valid only for planar objects. There does
not exist any 2D transformation that accounts for a generic3D object motion. Therefore to
handle such cases,we are now interested in hybrid 3D tracking, by fusing posecomputation
and motion estimation. Such a tracker should be more robust and smoother than traditional
3D trackers.
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