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ABSTRACT

We present an automatic technique for contour detec-

tion of the abdominal aorta on a medical images se-

quence. We apply the method of region based active

contours using local parameter estimation related to the

object region. This method allows the automation of the

detection process. The initialization of our algorithm

is only done on the �rst image of the sequence. Our

method, consists in de�ning for each cut of the sequence

a local region to �nd the searched contour. The contour

obtained for an image, after a dilatation, is then used for

the initialization of the following image. All unneeded

objects in the image will not be detected.

1 INTRODUCTION

This work takes place in the �eld of segmentation of

medical images in order to do a 3D reconstruction of

the abdominal aorta and its main collateral and termi-

nal branches. Original images are a sequence of cuts

obtained by X-ray computed tomography (CT). The

technique of deformable active contours is well adapted

to solve this problem. Moreover, it has the advantage

of leading to an automatic segmentation and ensures

obtaining closed contours. In the literature, the �rst

approaches were based on contours information of the

image [8]. In these approaches, the snake evolves to

the zones with the strongest gradient of intensity. The

regions based approaches avoid the problems of detec-

tion when the object to be segmented have not sharp

contours, and cannot be distinguished from its context.

Snakes and balloons methods [2] require good initialisa-

tion.

The section 2 introduces the actives contour meth-

ods. In the section 3, to develop a technique of contour

propagation in the images sequences, we present how to

propagate, to dilate and to �ll an estimated local region.

In section 4, we show some di�erent results which can

be obtained in a sequence.

2 ACTIVE CONTOURS

The utilisation of partial di�erential equations (PDE)

for active contours, consists to develop a contour C ac-

cording to the following equation:

@C

@t
= Fc: ~N; (1)

where ~N is the normal to C and Fc a given speed de-

pending of the curvature of C and of the image gradient

to segment. The active contour, C evolves perpendic-

ularly with himself with a speed Fc until to be to the

edge of object to detect. The change of topology can be

easily obtained using a level-set methods [6, 3].In this

method C is the curve de�ned like the zero level set of a

surface u. If C evolves according to (1) then the surface

u evolve following this partial di�erential equations:

@u

@t
= Fu:jruj: (2)

A topology change of C does not imply a topology

change of u. So, we can detect apart from one or

more objects during the same detection processus. The

method we used in [1, 4], in order to �nd the evolution

law of the contour, consists to solve an inverse problem

[11]. The model we choose to represent the image is :

f(x) = A(I(x)) + �(x); (3)

with f original image and I the model. Where A is a

Gaussian operator and � a noise. The image is de�ned

on a domain 
 with :

I(x) =

�
I1 =x 2 D1

I2 =x 2 D2

;

�
D1 = fx=u(x) < 0g
D2 = fx=u(x) > 0g

(4)

with:

D1 [D2 = 
; and x 2 
: (5)

D1 is the domain of the object and D2 is the back-

ground, illustrated �gure 2.a.

We use a method generalizing [1] where the evolution

law of u is de�ned by the minimization of this criterion

:

F (t) =

pX
i=1

Z
R2

jjAIi(x; t)� f(x)jj:dx; (6)



where jj jj is a norm choosed to optimize the di�erent

objects separation [4] and p the domains number (p = 2

in our case). If we design the minimum of the criterion

by �, the partial di�erential equation (2) becomes :

@u

@t
+ (�(x; t) + �:k)jruj = 0; (7)

with � a regulator coeÆcient and k the curvature.
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Figure 1: Operation related to the �rst image of the se-

quence a) Initialization, b and c) Propagation, d) Conver-

gence.

The initialization on the �rst image is doing by cir-

cular contour, as illustrated �gure 1.a. The iterative

evolution of the active contour is function of the mini-

mization of the criterion (6). After propagation, illus-

trated �gures 1.b and 1.c, the algorithm converge when

the minimum of the criterion is obtained, �gure 1.d.

3 AUTOMATIC DETECTION IN AN IM-

AGES SEQUENCE

In this section, we present an automatic technique of

contour propagation in the image sequence. Semi au-

tomatic methods quickly provide data [5, 7]. When a

result is obtained with the used methods in imaging

medical services, the quality of the result is not usu-

aly valable [10]. From the contour resulting of the �rst

cut, presented section 2, we propose to use it to detect

automaticaly the other contours in all the sequence. In

the subsection 3.1, we present how to propagate the �rst

contour in the next image and to �ll the interested re-

gion. In the subsection 3.2 we present the advantages of

the local estimation in this case.

3.1 Propagation, Dilatation and Filling of the

Interest Region

We know that the di�erence between two successive cuts

is not important. From the contour obtained on the

image n, we de�ne a new region of interest !n for the

next image n+1, with n = [2; :::; N ], if N is the number

of cuts. From the equation (5), this region of interest is

de�ned by :

!n = dn
1
[ dn

2
; (8)

where dn
1
corresponds to the region of the object and

dn
2
corresponds to the background only in the region of

interest !n .

For the next image we have :

!n = �:dn�1
1

; (9)

where � is the dilatation factor with � > 1.

For the �rst image we de�ne d1 = D1 as illustrated

�gure 2.a. From the second image, the region of interest

!n is only a part of the image 
, as illustrated �gure

2.c .

(a) (b)

(c)

Figure 2: a) Domain of the object and the background in

the �rst image, b) Dilatation of the region dn�1
1

in the image

n � 1 c) Propagation of the dilated region from d
n�1

1
to get

!
n, the interested region in the image n.

To get !n we should �rstly �ll the region limited by

the founded contour in the previous image to obtain

dn�1
1

and secondly dilate this region with a dilatation

factor �, showed in �gure 2.b and 2.c. Thus, we could

realize a dilatation of the obtained contour to cover com-

pletely the surface of the object in the next cut.

3.2 Robust Local Estimation

In the section 2 the constants I1 and I2 related to the

areas D1 and D2, respectivly the searched object and

the background, are estimated on the entire image of the



�rst cut with the robust estimator [9]. This estimator is

formalized like a weighted least square problem [4]:

Î = Arg min
X
i

1

2
i(fi � I)2; (10)

with:�
i = (1� (

jfi�Ij

c
)2)2 =jfi � I j < c

i = 0; =jfi � I j > c;
(11)

where c represents the maximum value of the residual

to limite the contribution of some points. We have no-

ticed that the variation of the image optical density be-

tween two neighbouring cuts changed ramdomly. Fur-

thermore, this global estimation needs more computa-

tion time and also it is necessary to removed manually

the other objects contained in the global domain 
 of

the image, for example the spinal column.

Moreover, the value of the c parameter should be recon-

sidered for each image of the sequence.

In the case of a local estimation with !n, the value of c
is computed only one time from the second image. We

can use this value for all the images of the sequence.

The local estimation is based only on the interested re-

gion !n. In this region, the contribution of the other

objects of the image is null and the computation time is

acceptable. From the equation (10) the local estimation

of the object is :

Î1 =
1X
i

i

X
i

iI1: (12)

In the case of a local estimation, the stability of the

c value provides that the background dn
2
is a minority

part of the local region !n. In fact, from the previous

cut, we estimate approximately the new region dn
1
of the

object. So, the local estimation is based principaly on

the region of the searched object because the number

of points belonging to dn
1
is superior to the number of

points to dn
2
.

4 RESULTS

In this section, we illustrate our methods on a part of

a medical images sequence. For these results, we use 6

cuts in the central area of this sequence.

From the obtained contour of the �rst image, showed

in �gure 1, we could realize a dilatation of this contour,

as illustrated in �gure 3.a, to cover completely the sur-

face of the object in the next cut, showed in �gure 3.b.

The local estimation can be done in this interested re-

gion !n.
Experimentaly we have used c = 5 in the case of a

local estimation for all images of the sequence. For the

second image of our sequence we obtain the estimation

of object represented in �gure 4. In the case a global

estimation, the value of c could changed for each image:

1 < c < 8.

(a) (b)

Figure 3: a) Dilatation, b) �lling of the interest region.

Figure 4: Local estimation of the aorta in the second cut.

(a) (b)

(c) (d)

Figure 5: Operation related to the second and following im-

ages of the sequence a) Initialisation, b and c) Propagation,

d) Convergence.



From the local estimation as illustrated �gure 4, we

initialize the contour on the second image with the ob-

tained contour on the �rst image, �gure 5.a. After prop-

agation, illustrated in �gures 5.b and 5.c, the algorithm

converges in the second image to obtained the contour

showed in �gure 5.d.

The �gures 6 shows the results of obtained contours

after initialisation with previous contours on the third,

fourth, �fth and sixth cuts of the sequence.

(a1) (b1)

(a2) (b2)

(a3) (b3)

(a4) (b4)

Figure 6: a) Initialisation on the third, fourth, �fth and

sixth cuts of the sequence cuts, b) Convergence on these

cuts.

5 CONCLUSION

This propagation method with deformable active con-

tours in two directions on image sequence could be a so-

lution accepted by doctors specialised in medical imag-

ing. Indeed, the detected contours are precise in each

cut, and in the case of a local estimation, the propaga-

tion of the contours on the sequence is faster than in

a case of a global estimation. The 3D reconstruction

of anatomic structure constitutes an important help for

telediagnosis. The method we have presented is more

automatic than the existing methods in medical imag-

ing services.
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