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ABSTRACT

In the present paper we propose a method for fast segmen-
tation of ultrasound data. It is based on setting up a model
depending on user input. We apply a matching scheme in
order to obtain initial contours for 2D segmentation of sev-
eral cross-sections of the organ by a discrete dynamic con-
tour. Further, we set up an active image which drives the
deformation of the dynamic contour. The activeimage com-
prises both textural information based on image data as well
as gpatial information which we derive from the inital con-
tour. We design the active image according to user input
and image quality to aid the segmentation task.

1. INTRODUCTION

Currently, ultrasound imaging is in need of fast methods ca-
pable of segmenting data sets. Subsequently we will present
a framework capable of performing this task.

Numerous approaches have been proposed to segment
ultrasound data by means of deformable models. Some re-
cent works are those of Lefebvre et al. [1], Shekhar et al. [2]
and Chen et al. [3]. Unfortunately, application of these
methods to large data sets arising from 3D data acquisition
is either compuationally demanding or restricted to data of
particular nature, e.g. acquired by intravascular ultrasound
imaging.

Our scheme is based upon discrete dynamic contours
(DDC) applied to cross sections of the organ. The main
advantage of the DDC approach is its conceptual and com-
putational simplicity while taking into account both image
features and spatial information. On the other hand, there
are properties of DDCs which make their application to ul-
trasound data somewhat difficult. First, the method is sen-
sitive to the image features which drive the deformation of
the contour. Second, accurracy and speed of convergence
to the desired final contour depend on a reasonable initial
contour.
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We provide a solution to these issues which can be im-
plemented in an efficient way. It is the key idea of our ap-
proach to base the DDC segmentation on an active image,
comprising a spatial and a textural component. In order to
set up this image we first compute a rough estimate of an
initial contour.

2. INITIAL CONTOUR

The scheme we propose requires the acquisition of several
2D images obtained by rotating the image plane about an
axis a;oy. The position of a,,zhas to be chosen in allign-
ment with a reference axis given together with a 3D model
of the organ. We define the position of the axis by two points
which also delimit the extent of the organ along the axis. We
can now obtain an accurrate initial contour C;,;¢by includ-
ing a-priori information about the approximate shape of the
organ as follows:

We construct a set M of 2D masks m;by computing
cross-sections of the model of the organ with a plane that
rotates about a,.;. For every mask m; € M we compare
textural properties of the image region covered by m;with
textural properties of a reference area m.¢. We set up the
reference area in a way which guarantees that it is located
within the image of the organ. We assess textural similar-
ity by means of parameters computed by evaluation of co-
occurrence matrices as proposed by Valckx et al. in [4]. The
result of texture evaluation is a single feature vector f;for ev-
ery mask m;and a feature vector f,.¢for the reference mask.
We attain this similarity quantitatively by normalizing f;and
f..raccording to a suggestion of Aksoy and Haralick in [5]
and calculating the sum of absolute differences between the
vector f..rand all vectors f;. Further, our scheme takes into
account that large masks tend to be more different to a rel-
atively small reference area than smaller masks. Therefore,
we utilize scaling that favours large masks while imposing
a “penalty” on smaller ones. Finally, we yield a score for
every mask mjindicating its textural similarity with respect
10 Miper.

After selecting an appropriate mask m;according to this
scheme we draw a number of points Vfrom the perimeter.



These points are the vertices of the initial contour C'yys¢ .

3. ACTIVE IMAGE

As lined out in section 1 we aim at an active image that
is based upon the ultrasound image but adapts to the seg-
mentation task according to user input and image quality.
We construct the active image I from a spatial component
Isand a textural component It. We design I in a way that
ensures that pixels with a high probability of being within
the image of the organ obtain low values. Pixels with high
values are most probably outside the image of the organ un-
der consideration.

3.1. Spatial Component

Having obtained the initial contour C;,;taccording to sec-
tion 2 we can easily obtain the interior R;,;;0f Cini. The
computation of Igis based upon the idea to compute the
shortest distance of every pixel (z,y) to Rini¢. For our ap-
plication it is sufficient to compute an approximation of this
function as follows. The graph of the Euclidean distance
of every point (z,y) of a plane to a fixed point Vis a cone.
We obtain the graph of the distance function to a different
point V' by translation of the cone. Thus, for every posi-
tion (z, y) we evaluate the distance functions with respect to
every vertex V' € Cipjs and compute their minimum. Hav-
ing obtained an estimation of the distance d(z, y) to Ry for
every position (z,y) we set up Isas

d(:l?, y) if ('Ta y) € Rinit:

it (2,9) ¢ Biir. O

IS('Tay) = {0

The graph of Igin Fig. 1 shows that the influence of ev-
ery vertex V' € Ciy;¢ decreases with its square distance.

3.2. Textural Component

As mentioned above, generally, the sole consideration of
pixel intensities is an insufficient basis to drive the defor-
mation of a DDC. Therefore, texture analysis is required.
There are several different approaches to extract texture from
ultrasound data which are beyond the scope of this paper.
We employ a simple and fast scheme that computes a fea-
ture vector f(z, y)by evaluation of the mean and variance of
intensities in a small neighbourhood of every pixel (z, y).
Similar to the spatial component Iswe aim at a textural
component ITwith low values at pixels inside the image of
the organ. Therefore, we have to introduce a proper mea-
sure of similarity between several textural reference vec-
tors f,e¢(z, y)drawn from pixels (z,y) € Ri,ix and the fea-
ture vectors f(z, y)of all other pixels of the image. We sug-

SRR
SRR
Rttty
aaiit

Nt
N

O

N

S

NN
NN

Fig. 1. Graph of the spatial component Igof an active image.
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Fig. 2. Graph of the active image 4.

gest to employ the Mahalanobis metric

In(z,y) = \/f(z.y) - S0 £(z,y)7, @)
E = COV({fref(may)})a

using the covariance matrix of the reference vectors as scal-
ing matrix.
3.3. Setting Up the Active Image

The active image is the result of the combination of the spa-
tial information Iswith the textural information It. We sug-
gest a combination of the form

In=(Ir+ ) - Is. (3)

A is a parameter that balances the influence of Isand Itin
the active image I, . Proper adjustment of this parameter ac-



cording to image quality is of great importance. In images
with large areas of distinctive texture we set A to small val-
ues in order to increase the influence of I7. I1f image quality
is poor we set A to larger values to obtain an active image
with stronger influence of Ig.

We worked out means to determine A\ automatically by
estimating image quality within R;,;;. The estimation is
based upon the evaluation of the compactness of several
threshold operations in the textural domain. An active im-
age based on Igin Fig. 1 is depicted in Fig. 2.

4. DISCRETE DYNAMIC CONTOUR

Having computed 75we now apply a DDC segmentation
which is slightly different from the usual scheme as pro-
posed, e.g., by Lobregt and Viergever in [6]. The total force
acting on every vertex is a weighted combination of an ex-
ternal force F o cwhich drives the expansion of the DDC and
an internal force Fin;which provides for a smooth contour.
In addition, we use a stopping term g, Which provides de-
celeration of motion outside the target region. These com-
ponents are combined for every single vertex V' € C ac-
cording to

Virr = Vi + tstop (aFext + ﬂFint)- 4

The external force F,is a mere balloon force expand-
ing the polygon in the direction of the outer bisectors of the
edges adjacent to V. The magnitude of F.yis determined
by the constant a.

The aim of the internal force F;,;is to reduce the curva-
ture of the polygon. We obtain an estimate of the curvature
k at Vand compute

B=1—e"". (5)

The factor 3 is determining the magnitude of the internal
force. The direction of Fj,is towards the center of gravity
of the triangle set up by the adjacent egdes of V.

Finally, the stopping term t,piS responsible for stop-
ping the movement of the DDC. It is set up according to

1

— VI (6)
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tstop -

It incorporates the pure active image Ias well as its

gradient V1. The parameter p allows for an adjustment of
the sensitivity of the stopping term.

5. 3D MODEL BASED ON CROSS-SECTIONS

The proposed approach allows us to obtain a 3D model of
the organ under examination in a straightforward way. After
an initial 2D image acquisition and segmentation we rotate

the imaging plane about the axis a,.;by a small angle and
obtain the segmentation of the respective image without any
further interaction of the user. After subsequent rotation by
180° with respect to the first image we can construct a 3D-
model of the organ under examination by triangular mesh-
ing of the vertices of adjacent contours.

6. RESULTS

In the present section we show results on ultrasound data
of a prostate using our active image DDC approach. In or-
der to assess its performance we have been implementing a
Matlab prototype capable of model matching, active image
computation and DDC initialization and deformation. The
present set of models of the prostate assumes axial symme-
try of the organ. Of course, anatomically this is not true but,
nevertheless, even with this very simplistic model we obtain
good results.

We employ our scheme to segment cross-sections which
have been extracted from a 167 x 152 x 238 voxel data set
of a prostate with 8 bit intensity quantization.

A subset of the masks used for estimation of the initial
contour of the cross-section is depicted in Fig. 3. Below
every mask its score is noted. The mask with the minimal
score (0.129), indicating the most similar texture to a ref-
erence area, fits very well to the shape of the prostate in
this cross-section. The mask with the second lowest score
(0.153) would have been another reasonable estimate.

We shrink the initial contour Cj,;;and draw a set of 28
vertices from its perimeter. In this way we guarantee that all
vertices are located within the image of the prostate. Based
on Ciniswe compute the textural and spatial components of
the active image and combine them in the proposed way.
We start the DDC progression which stops at the position
indicated in Fig. 4.

The initial contour and the result of an acquisition plane
rotated by 90° with respect to Fig. 4 is depicted in Fig. 5.

7. DISCUSSION AND OUTLOOK

The active image is not only a good substrate to drive the
deformation of a DDC. Originally, we designed the scheme
to aid a 2D segmentation of ultrasound images by level set
propagation. Thereby, we obtained very promising results,
too. The main reason for favoring DDC segmentation is
its easy extendability for fast segmentation of 3D data as
proposed in section 5.

Calculation of the initial contour is a crucial part of our
scheme. Selecting an initial contour based on a too large
mask would lead to undesired results because both the ini-
tial DDC and the active image which drives its deformation
are effected. Nevertheless, our mask matching scheme per-
formed very well in various tests.



0.544 0.497 0.129

0.505 0.368 0.230

0.475 0.374 0.153

0.614 0.366 0.207

Fig. 3. Subset of masks employed to estimate the initial con-
tour Cinic. Below every mask its score is noted. The min-
imum score (first row, right column) belongs to the mask
with most similar texture.

Future extensions of our scheme aim at a method to
compute an initial contour which combines mask match-
ing with the result of the previous DDC segmentation. In
an even further extension we plan to modify the initial 3D
model from which the masks are taken according to the re-

sult of two initial segmentations of orthgonal imaging planes.

Then we use the refined 3D model for initial contour esti-
mation for the final segmentation.
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