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Abstract

We present an original method for tracking in an
image sequence complex objects which can be modeled
approzimately by o polyhedral shape. The approach re-
lies on the estimation of the object image motion as
well as the computation of the object pose. The pro-
posed method fulfills real-time constraints along with
reliability and robustness requirements.

1 Introduction

This paper describes an original method for a ro-
bust and fast tracking of complex objects in an image
sequence. Most of the available tracking techniques
can be classified as feature-based or model-based ones.
The former approach tracks features such as geometri-
cal primitives (points, segments [2, 8], circle,...), ob-
ject contours [1, 9], regions of interest [8],... The latter
explicitly uses a model of the tracked objects. This
model can be a CAD model [6, 11, 12, 4] or a 2D tem-
plate of the object [10]. This second class of methods
usually provides a more robust tracking (for example
it can cope with partial occlusion of the objects). Both
approaches may use Kalman filters to predict and esti-
mate the position of the tracked primitives over time.

We have developed a method involving an estima-
tion of the 2D object motion and an estimation of
the 3D pose of the object. It supplies a fast and ro-
bust tracking of complex objects which can be ap-
proximately modeled by a polyhedral shape. A 2D
affine motion model is estimated, using a robust sta-
tistical method, from normal displacements computed
along the object shape contours with the algorithm
described in [3]. The 2D affine motion model does
not always match the real displacement of the object.
A second step that consists in fitting the projection
of the object shape on the intensity gradients in the
image is necessary. This is achieved using an itera-
tive minimization of a non-linear energy function with
respect to 3D pose parameters.
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The main advantages of this two-steps method can
be summarized as follows. The motion estimation step
allows us to handle large displacements of the object
and to avoid a prediction step. The result of this step
is exploited to provide an appropriate initialization to
the pose estimation. Our model-based tracking only
requires a coarse calibration of the camera and a rough
model of the object. Both 2D motion estimation and
3D pose estimation do not involve edge detection (we
only consider gray level images). Both are robust to
partial occlusions of the object. Finally, the algorithm
supplies a real-time tracking (currently 10Hz). The ef-
ficiency of this method is demonstrated through vari-
ous real experiments.

This algorithm has been proposed in order to ex-
tract reliable information from an image sequence for
visual servoing purpose. Such systems are of inter-
est for the research and development division of EdF
(Electricité de France) to achieve intervention and
monitoring task in hostile environment (nuclear power
plant).

2 Motion-based tracking

We first consider that the global transformation be-
tween two successive projections of the object in the
image plane can be represented by a 2D affine mo-
tion model. The goal of this first step is to estimate
the parameters of this 2D transformation while being
able to handle large 2D displacements of the object im-
age. Compared to usual Kalman filter methods used
to predict the new position of the object [6, 10, 11],
this motion-based method does not require the intro-
duction of a state model evolution (e.g., a constant
velocity model), nor the initialization of the variance
of the noise on the state and measurement models.

Affine transformation model. Let X! =
[Xt,...,XL]T be a vector formed by the image
coordinates X! of points along the boundaries of the



object model projection at time . The object image
shape X**! at time t + 1 will be given by:

Xt-f-l — \I'@(./Yt) (1)

where Ug is a 2D affine transformation expressed as:
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This transformation is linear wrt. ©, and displace-
ment d;(X;) = X!t — X! can be written as:

d;(X;) = W(X;)o' 3)

where ' = © — (1,0,0,1,0,0)7.

The part of the tracking algorithm concerned with
the estimation of the parameters ©’, is articulated into
two sub-steps. The first one computes normal dis-
placements evaluated along the projections of the ob-
ject shape contours using the so-called Moving Edges
algorithm (ME) [3], while the second one exploits this
normal displacement field to estimate o’ using an ex-
tension of the robust multiresolution estimation tech-
nique introduced in [13]. We now describe these two
sub-steps.

Computing normal displacements. One of the
advantages of the ME method is that it does not re-
quire any edge extraction. Furthermore, it can be
implemented with convolution efficiency and leads to
real-time computation [2, 3].

We aim at designing an algorithm that is fast, reli-
able, robust to partial occlusions and to false matches.
We consider a list Lt of pixels along the projection of
the object model contours (model fitting in the first
image is performed in a semi-automatic mode). The
process consists in searching for the “correspondent”
P! in image I*+! of each point P! € L*. We deter-
mine a 1D search area Q{ ,j € [=J,J] in the direction
d of the normal to the contour. For each point P} of
the list L¢, and for each position Qz lying in the direc-
tion 4, we compute the square root of a log-likelihood
ratio ¢/ which is nothing but the absolute sum of con-
volution values computed at P} and @Q? using a pre-
determined mask My function of the orientation of the
contour. New position P{*! is given by:

QI = arg max ¢ with (9 =| It #Ms 1L x|
Jel—J,

v(Q9)

providing that ¢7” is greater than a threshold. v(.) is
the neighborhood of the considered pixel. Then pixel
P! given by Q7 is stored in Lt+1.

At this step we have a list of k pixels as well as
their displacement component orthogonal to the ob-
ject model contour: (P!,di)i=1..k. This local ap-
proach allows us to be robust to partial occlusions of
the object and to missing measurements.

Affine transformation estimation. Using
(P}, d})iz1..k, we can estimate the 2D affine trans-
formation ©’. From equation (3), we have:

d+ =nTd(P;) = nf W(P)e' (4)

where n; is a unit vector orthogonal to the object
shape contour at point P;. From (4), we can use a
robust estimator (an M-estimator p) to obtain 0’ as
follows:
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This robust statistical approach enables not to be af-
fected by locally incorrect measures (due to shadows,
miss-matching, occlusions, etc.)

3 Model-based tracking

Knowing the positions X* of the projection of the
contours of the tracked object at time ¢ and the esti-
mation ©’ of the global affine motion parameters be-
tween t and ¢t + 1, we are able to compute the position
of points X**1 at time ¢ + 1:

X = v ()

However, the 2D affine transformation cannot com-
pletely account for the real transformation undergone
by the projection of the object (due to perspective ef-
fects, important rotations, non shallow environment),
and after a few iterations tracking may fail. To allevi-
ate this problem, in a first version of this algorithm [7],
the 2D affine displacement model was augmented with
local 2D deformations. However, when adding local
deformations, we cannot ensure rigidity constraints.
Moreover, this was highly time consuming. Therefore,
we prefer to exploit explicitly a rough CAD polyhedral
model of the object. We have to find the 3D rotation
and the 3D translation (i.e., pose ®) that map the
object coordinate system with the camera coordinate
system. Once the pose parameters are available, it is
easy to determine visible and invisible faces.

A number of methods to compute pose (perspective
from N points) have been proposed. We need to esti-
mate the pose of the object wrt the camera from the



positions X**! obtained after the first step of the algo-
rithm, described in Section 2. In practice, we use the
method designed by Dementhon [5] followed by Lowe’s
method [12]. We therefore get a first estimate of the
pose parameters @f:zlt that has to be still updated to
correspond as well as possible to the real new aspect
of the object. This further step consists in fitting the
projection of the object model shape on the intensity
gradients in the image. This is achieved using an it-
erative minimization of a non-linear energy function
wrt &, using @4+l as initialization.

More precisely, we estimate the pose parameters 3
as follows:

® = arg min {E(@@5)} (5)

where the energy function E(d5") is defined as:

B == [ IVLu@+Dlds @

I's
with

e 'y representing the contours of the visible part
of the 3D object model for the pose ®.

e VI, (s denoting the spatial gradient of the in-
tensity function at 2D point 74 (s) along the con-
tour 73 (I's) where mg is the perspective projec-
tion function.

The projection function 7w depends on the cam-
era intrinsic parameters Z. The minimization of the
energy function (5) requires that the camera calibra-
tion is available. Nevertheless a rough knowledge of
the camera parameters is sufficient. These parame-
ters can also be estimated on-line. In that case, the
function to be minimized can be rewritten as follows:

(CD,I) = arg (réu% {E(dg,lz))} (7
In the general case, we have 11 parameters to estimate
(if we consider the radial distortion). In practice, we
have only performed experiments dealing with the on-
line estimation of the radial distortion.

We have paid particular attention to the discretiza-
tion problem of E (especially from a real-time imple-
mentation point of view). The optimization of E is
performed by an appropriate search algorithm in the
pose parameters space.

4 Experimental results

Most of the experiments reported here involve a
nut as the object to be tracked. We can point out
that the tracking of the nut silhouette in the consid-
ered image sequences has to cope with low intensity

contrast, presence of cast shadows, mirror speculari-
ties,... Moreover, the nut is not exactly polyhedral,
since it presents no physically precisely defined ridges.
Besides, camera calibration is not precisely known.

Figure 1 contains results of the tracking of the nut
along a sequence of 44 images. Figure 1.a shows the
results of the tracking if we consider only the 2D mo-
tion estimation step. In that case, tracking is per-
formed at video rate (25Hz). However, after a few
images the algorithm is no longer able to track accu-
rately the object shape. The failure is mainly due to
the fact that 2D affine motion model cannot account
for the perspective effects. Figure 1.b reports the re-
sults of the tracking using both 2D motion estimation
and 3D pose computation. In that case, the tracking is
performed at 10 Hz and results are quite satisfactory.

In order to demonstrate the robustness and the effi-
ciency of the proposed tracking method, we have per-
formed real experiments involving various typical dif-
ficulties. In Figure 3.a, a camera motion is performed
around the y axis!. A face of the nut appears while
another disappears. In Figure 3.b, the main difficulty
is the very important rotation around the x axis. The
pose estimation becomes complex. Furthermore, the
illumination conditions are not constant along the se-
quence. In Figure 3.c, the difficulties lie in the multiple
occlusions of the nut. In Figure 3.d, the nut is tracked
within a highly textured environment. We have also
tried to estimate on-line the radial lens distortion. We
have considered a simple object (a box) and a camera
with an important distortion (3.5mm lens) with ini-
tial value set to 0 (see Figure 2). We estimate on-line
the distortion. It decreases toward its reference value
when the object projection moves toward the image
border (since then a better estimation of this param-
eter is then required). In that case, the tracking is
performed at 1 Hz.

5 Conclusion

We have presented an original method for track-
ing complex objects in an image sequence at a high
processing rate. The tracking is based on the esti-
mation, between two successive images, of a global
affine transformation augmented with an estimation of
the object pose, formulated as an energy minimization
process. To achieve this last step, a 3D approximate
polyhedral model of the object is sufficient. Appear-
ance and disappearance of hidden faces of the object
can be straightforwardly handled. Both steps of the
algorithm are robust to partial occlusions. The pro-
posed method can deal with real objects (without any

1z axis follows the optical axis while z axis is parallel to the

image rows and y axis is parallel to image columns.



Figure 1: Nut tracking: (a) tracking with only 2D motion estimation (b) tracking with both 2D motion estimation and
3D pose computation

landmarks) in complex situations.
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Figure 3: For different experiments (a, b, ¢, d) nut tracking featuring various difficulties (see text for details), quite
satisfactory results are obtained (three distinct instants of the sequence are only displayed for each example).



