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Abstract

This paper describes a tracking method that we
have developed in order to track a barium bolus in ra-
diological images sequences. Our method combines
both region tracking by the means of a deformable
region model, and contour tracking by the means
of active contours. It allows the tracking of a bar-
ium bolus during its descent along the oesophagus
and the lower oesophageal sphincter. Thus, we are
enable to realize measurements of parameters that
caracterize the sphincter, such as its length an its
diameter.

This study takes part in a larger project, the aim
of which is the improvement of the gastroesophageal
reflux phenomenon understanding [2].

1 Introduction

Our goal is to track the bolus through radiologi-
cal images sequences. The bolus can be considered
as a deformable shape. Many tracking algorithms
have been proposed lately [3, 4, 5]. The method
we have developed combines region tracking thanks
to a deformable region model, and contour tracking
thanks to active contours. The tracking algorithm
is presented figure 1.

The first step of the algorithm is the identification
of the object to track: region R (the bolus). To do
s0, the first image of the sequence, where the bolus
appears, has to be determined thanks to the study of
grey levels variations. Then, the active contours
algorithm is applied in order to obtain the boundary
of the region R.

Once the region R has been detected, it then has
to be tracked. The tracking method is composed of
four main modules:
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¢ prediction of the motion parameters thanks to
the Kalman filter

e optimization of the predicted region thanks to
a deformable region model

e optimization of the region boundary thanks
to active contours

¢ motion estimation thanks to a simulated
annealing method

These four steps will be described, after a presen-
tation of the motion modelization.
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Figure 1: Tracking algorithm.

2 Motion modelization

In order to modelize the motion of the region R,
we have used an affine motion model with six param-



eters proposed in [9]. The displacement d of each
point (x,y) of the region R is given by:
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The vector ( i’ represents the translation pa-
]

rameters of the gravity center, the coordinates of
which are: (zg,ya)-

Thus, the motion is entirely defined by a vector
called the motion descriptor:
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3 Motion parameters prediction by
the kalman filter

The Kalman filter introduced in [7], and pre-
sented in [10], represents a recursive solution to the
discrete-data linear filtering problem. It consists in
the estimation of a state vector ¥ of a system gov-
erned by the equation:

"I’H_l = Ag';’f + wy
from noisy measurement s so that:
s = H, ¥, + vy

The Matrix A represents the transition matrix from
time ¢ to t+1. H is called the observation matrix. w
and v are random variables representing respectively
the process noise and measurement noise.

We have used the Kalman filter in order to pre-
dict an optimal motion descriptor thanks to pre-
vious measurements. Thus, our state vector is com-
posed of the motion parameters and their first order
temporal derivatives, the motion being considered
as non-accelerated:

"I't = (t:| 3 tyu ay, bhchdh iz,a t.y,sdt-: bls éhdt)T

Only motion parameters are measured. There-
fore, the measurement vector s is:

St = (t::g 1 t‘y”ahbhchdf)T

The filter provides an estimation of the state vec-
tor ¥,, at instant ¢, using noisy measurements s,, in
order to predict the state at instant ¢ + 1: ¥, .

4 Optimization of the region by a de-
formable region model

Once the prediction phase has been realized, the
predicted motion parameters are then available. A
predicted contour is thus obtained. However, with
this prediction, the region does not always perfectly
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match the real region. This is the reason why we
have used a deformable region model, inspired from
the one of [3]. The aim of this model is to allow the
optimization of the region shape and position.

The deformable region model is defined by both
a contour and an energy.

The optimization of the deformable region is re-
alized iteratively by a minimization of its energy,
measuring the similarity of the grey levels, between
the points of the region and those of the region ex-
tracted from the previous image.

The use of this information given by the whole
region improves the accuracy of the tracking in both
case of large displacements of the object and noisy
images.

The region deformation is entirely constrained by
the motion model (affine model). Thus, the de-
formable region parameters that are optimized are
the region motion parameters.

The region contour is modelized by an ordered
set of n points:

w = {w; = (zi,yi)/1 € [1,n]}
The points inside the region are obtained thanks
to a filling algorithm, following a linear interpolation

of the contour points.
The region energy is defined by:

B= o Y UG+ df () - L@
B, 4
FER,

where:
R, is the region extracted from the previous image
at instant f,
Skg, is the surface of the region R, in pixels,
p is a point located in the image,
d;f (p) is the translation vector of the point j from
instant ¢ to instant t + 1,
Ii(p) is the grey level of the image at instant ¢t and
at point p. }

This energy only depends on d; () and so O} .

Thus, minimising the deformable region energy
amounts to determine the motion descriptor ©; for
which this energy is minimum:

Of = arggs min E

The minimization of the energy is realized thanks
to a simulated annealing method described in [6].
The advantage of this method is that, contrary to
traditionnal methods such as the steepest descent [9),
it does not give the first minimum encountered, but,
generaly the global minimum.

5 Optimization of the boundaries by
active contours

The previous step of the algorithm has allowed
the optimization of the region that was predicted



by the Kalman filter. However, deformable region
models used for region tracking, have difficulty in de-
termining the region boundary with accuracy. Thus,
it has appeared interesting to associate a deformable
region model with a deformable contour model. The
last-mentioned goal is to make the object boundary
match the real object boundary. The deformable
contour model chosen is the active contours.

Several methods of actives contours could be con-
ceivable [8, 1]. The one proposed in [11] has been
chosen since it has appeared to be stable and fast.
This method relies on the representation of the con-
tour by an ordered set of n points, which, in our
case, is the same as the one of the deformable region
model:

w = {w; = (zi,y:) /1 € [1,n]}

These points will approach iteratively the bound-
ary of the object by a minimization of an energy
function.

For each point w] in the neighborhood of w;, an
energy term is computed:

E(‘-‘-":) = aFiny (W:) + OEent (w:)

where E,,; is the internal energy term that imposes
a certain regularity of the contour and E,,; is the
external energy term linked to the global image. «
and [ are constants providing the relative weight of
the energy terms.

Each point w; is then moved to its neighbor cor-
responding to the location of the minimum value of
E.

The choice of the energy terms depends on the
object to segment and on the image type.

Three different terms in the internal energy have
been introduced: a continuity one, that encourages
the equidistance between the contour points, a cur-
vature one, that encourages smoothness of the con-
tour, and a balloon one, that drives the contour to
swell up to objects boundaries. The last-mentioned
is usefull, in our images, when the barium bolus ex-
pands.

Moreover, in the external energy two terms have
been introduced: a magnitude term, attracting the
contour to edges in the image, and an intensity term,
attracting the contour to low intensity regions (the
bolus is a dark area in our images).

Once the contour w has been optimized, it then
has to be re-sampled. The aim of this step is to im-
prove the accuracy of the contour by imposing the
contour points to be separated by the same distance.
Besides, the number of the contour points can evolve
in order to fit the dimension of the deformable ob-
ject.

This step plays an important part since the de-
formable region model and the active contours mod-
els relies on the representation of the contour of the
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region by the same set of points w. Thus, it is nec-
essary for the points of w to be homogeneously dis-
tributed around the region contour.

In order to re-sample the contour, a linear inter-
polation between the points of w is realized. This
enables to determine the set of pixels in the image
that belong to the region contour. They represent
a one-pixel-wide curve. The new contour w' is ex-
tracted from that curve so that the points of w' are
separated by the same number of pixels.

6 Motion estimation

At this point, the contour w4 of the region R4,
in the image [, ,, is clearly defined.

Finally, it is necessary to estimate the motion
from I; to ;4 in order to supply the Kalman fil-
ter.

The principle of the motion estimation step is
to minimize the M SRE (Mean Squared Reconstrue-
tion Error) of the region R,y ; in [;4; from the re-
gion R, in I;:

% Z [} (;5'+r!:_+1 (7))~ It (D))

+1 ﬁER|+J

MSRER,,, =

where:
d, ., (p) is the translation vector of the point 7 from
instant £ 4+ 1 to instant £.

This error plays the same part than the de-
formable region model energy, but the temporal axis
is considered in the opposite direction (from ¢ to 41
for the region model, and from t + 1 to ¢ for the mo-
tion estimation).

The M SRE only depends on tf;__'_l (p) andso © .

Thus, minimising the deformable region energy
amounts to determine the motion descriptor ©; for
which the energy is minimum:

0= arge- | min MSRER,,,

The minimization is also realised by a simulated
annealing method.

7 Experimental Results

We dispose, for the time being, of four sequences
acquired on two voluntaries. The results of the bolus
tracking on one sequence are presented in figure 2.

The bright contour corresponds to the contour
given after the region optimization by the de-
formable region model. The dark contour corre-
sponds to the optimized and re-sampled contour
given by active contours.



Figure 2: Results of the bolus tracking at instants
t =46,t =59, t = 66 and t = 73 of a sequence.

8 Conclusion

A tracking method, that combines both region
and contour tracking, has been presented in this pa-
per. Its aim is to realize a barium bolus tracking in
radiological images sequences.

The results have shown the efficiency of the
method, especially when images contrast is suffi-
cient.

The tracking allows the measurements of param-
eters that caracterize the lower oesophageal sphinc-
ter, such as its length and its diameter. The fu-
sion of these results with the ones of a swallowing
sounds analysis will allow a better understanding of
both the gastroesophageal reflux phenomenon and
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the origins of the sounds generated during barium
swallowing [2].

At present, the means of investigation are radi-
ological and manometric explorations. Thanks to
our work, a non-invasive and atraumatic method en-
tirely based on sounds recording, could be conceiv-
able.
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