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Abstract—In this paper, we apply the three-dimensional (3-D) active contour model to a 3-D ultrasonic data file
for segmenting of the breast tumor. The 3-D ultrasonic file is composed of a series of two-dimensional (2-D)
images. Most of traditional techniques of 2-D image segmentation will not use the information between adjacent
images. To suit the property of the 3-D data, we introduce the concept of the 3-D stick, the 3-D morphologic
process and the 3-D active contour model. The 3-D stick can get over the problem that the ultrasonic image is
full of speckle noise and highlight the edge information in images. The 3-D morphologic process helps to
determine the contour of the tumor and the resulting contour can be regarded as the initial contour of the active
contour model. Finally, the 3-D active contour model will make the initial contour approach to the real contour

of the tumor. However, there is emphasis on these 3-D techniques that they do not consist of a series of 2-D
techniques. When they work, they will consider the horizontal, vertical and depth directions at the same time. The
use of these 3-D techniques not only segments the 3-D shape but also obtains the volume of the tumor. The volume
of the tumor calculated by the proposed method will be compared with the volume calculated by the VOCAI™
software with the physician’s manually drawn shape and it shows that the performance of our method is
satisfactory. (E-mail: dichen88@ms13.hinet.net) © 2003 World Federation for Ultrasound in Medicine &
Biology.

Key Words: Three-dimensional ultrasound image, Three-dimensional active contour model, Three-dimensional
stick, segmentation.

INTRODUCTION Clinically, ultrasound is widely used for tumor de-

tection. In most cases, the recognition of the tumor
boundary in a two-dimensional (2-D) ultrasonic image
through human eyes is easy. However, the computer-

Advances in the ultrasound (US) technique have resulted
in much better quality of images. The cost-effectiveness

nd short isition time of ultr nd imagin . T P
and short acquisitio e of ultrasound imaging, as based automatic tumor region identification is a rather

compared with cqmpuf[ed tomography (CT) and mag- difficult problem due to the noise inherently in ultrasonic
netic resonance imaging (MRI), makes it attractive. .

However, these modalities have advantages over ultra-"Ma9€s- Although the artificial recognition methOd .iS
sound in terms of better anatomic special resolution of good, manual handling several hundreds of images in a

the images and computer-based postprocessing of the3—D data set is a time-consuming process. It is impossible

) - . . for a physician manually to draw the boundary of each
data. To improve the capabilities of ultrasound imaging image in the three-dimensional (3-D) data set. Hence, we
as a diagnostic tool, it is necessary to develop advanced Y ) ’

software for postprocessing of the data so that the result- nmeiﬁ t(;) _?_Eve(lf?/ ell gronodntcopw3pL[1)ter—b ?ﬁegt S:[(iegnmrimta“zln
ing output has little subjective variation. ethod. The development o segmentation metho

is indeed important and necessary for medical applica-
tions. For example, a precise 3-D segmentation approach

can provide an accurate evaluation of the tumor volume.
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image segmentation is focused on segmenting 2-D im-
ages. For segmenting a 3-D data set, the general method
is to apply a 2-D segmentation method to each 2-D
image in the 3-D data set to get a set of 2-D contours.
Then they are stacked together to form a 3-D represen-
tation of the boundary of a tumor. Surface fitting (Besl
and Jain 1988; Loupas et al. 1989) and interpolation
(Haseyama et al. 1999; Lee et al. 2000) are often used to
estimate the boundaries of the homogeneous regions.
Rather than segmenting each 2-D image at a time, the
entire volume of data are segmented simultaneously with
3-D data segmentation approaches. The resulting seg-
mented data from this type of method have fewer errors
because surface interpolation in the third dimension is
joined together with the segmentation process, instead of
being performed after segmentation.

The technique of 3-D ultrasonic data segmentation
helps us to visualize the solid tumor shape and to calcu-
|ate the volume of the tumor. Because the 3-D ultrasonic
data usually contain hundreds of images, the manual
delineation method for each image is time-consuming
and unrealizable. Developing a computer-based auto-
matic segmentation technique is indeed helpful for clin-
ical applications.

Many 3-D segmentation methods have been pro-
posed in last decade. Carr et a. (1998) proposed an
improved volume intersection technique to reconstruct
3-D shape. Their method solves the problem of recon-
structing concave surface. Xiao et al. (2002) developed a
method for simultaneous estimation of video-intensity
inhomogeities and segmentation of US image. Angelini
et al. (2001) presented a spatiotemporal analysis method
for feature extraction using a third-generation real-time
3-D ultrasound system. They combined 4D directional
denoising and deformable model-based segmentation to
extract LV endocardial borders. ter Haar Romeny et al.
(1999) presented a method on human follicle volume
measurement from 3-D ultrasound. They utilized a mul-
tiscale analysis automatically to detect and quantify the
number and shape of the patient’s follicles.

The ultrasound imaging has some characteristics
including noise, speckle and tissue-related textures. For
these reasons, the conventional edge-based image seg-
mentation methods such as Canny edge detection (Canny
1986), Sobel operators (Gonzalez and Woods 1992b),
and Bovik edge detector (Bovik 1988; Wong et al. 2001)
are not suited to find tumor boundaries because they are
not designed for detecting the discontinuity of image
intensity. The region-based segmentation approaches,
such as region growing (Pavlidis 1982) and split-and-
merge (Pavlidis and Horowiz 1974), are sensitive to the
noise and contrast of an image. These methods cannot
work well on ultrasonic images. Stick is a boundary
detection approach based on an image enhancement
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technique (Richard and Czerwinski 1999). Large-scale
linear features line up with sticks of adequately short
length, while speckle does not if the sticks are long
enough. We adopted stick operation to obtain the better
boundary information in the initial contour-finding pro-
cess. Moreover, a new 3-D stick method based on the
concept of the original 2-D stick operation is developed
to find the initial 3-D shape.

The active contour models, more widely known as
snakes, proposed by Kass et a. (1988a), have been
massively used as an edge-based segmentation method
and can partially overcome the problems mentioned be-
fore. The snake guarantees the closed contour is detected
and is a controlled continuity spline under the image
forces and external constraint forces. Starting from a
closed initial contour, which islocated near the boundary
of the object, the snake model modifiesits shape actively
and then approximates the desired contour. During the
deformation process, the force is calculated from internal
forces and external forces. The internal forces, which are
derived from the shape of the contour model itself, try to
minimize local contour curvature. The external forces,
which are derived from some image feature energy dis-
tribution, try to make the model follow aravine or a hill
formed by the image feature. The snake model has been
extensively used in medical imaging (Cohen and Cohen
1993; Leymarie and Levine 1993; Jain et al. 1996). The
early vision model (Chen et al. 2000a) is an improvement
of the original snake model and it relaxes the constraint
that theinitial contour must be located close to the actual
boundary. In this paper, we propose a new 3-D active
contour model based on the traditional 2-D snake to find
the 3-D shape in a 3-D US data set.

MATERIALS AND METHODS

Reviews of 3-D Breast US Stick and Snhake

In this section, we first introduce the three-dimen-
sional breast ultrasound, the equipment that generates the
3-D volume data, and the software that acquires the 3-D
ultrasonic data. Then, we make a description of the
conventional 2-D stick approach and the 2-D active
contour model. The sticks are some short line segments
with different orientations. The stick method is often
used for edge detection in an image, due to the edge
enhancement effect. The active contour model is widely
used for contour segmentation in ultrasonic image and
usually incorporates with some preprocessing methods to
give good segmentation results.

3-D breast US

In this work, the 3-D sonography was performed
using a Voluson 530D (Kretz Technik, Austria) scan-
ner and a Voluson small part transducer S-VNWS5 to
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Fig. 1. Three-dimensional volume transducer.

10. The transducer, which is a linear-array transducer
with afrequency 5 to 10 MHz, a scan width of 40 mm
(switchable in 3 mm steps) and the sweep angle of 20°
to 30°, allows the performance of a 3-D volume scan,
as shown in Fig. 1. The volume scan is automatically
performed by a slow tilt movement of a sectorial
mechanical transducer. The process of acquiring the
2-D ultrasonic images at regular angular intervals re-
sultsin a set of 2-D image planes arranged in afanlike
geometry, as shown in Fig. 2. The volume data were
obtained through the reconstruction of these 2-D im-
ages and were saved into a computer file in a magne-
tooptical (MO) disk. The MO file could be read and
analyzed in apersona computer. For example, the 3-D
ultrasonic file could be read by the Kretztechnik pro-
gram 3-D View 2000, which can be downloaded from
the www .kretztechnik.com. We developed a program to
obtain the 3-D ultrasonic data directly from the 3-D
volume file. Before using our developed program, the

First 2D-scan

Central 2D-scan

Range of sweep

Fig. 2. A set of 2-D image planes arranged in a fanlike
geometry.

Fig. 3. The result of the stick filter. (a) The original image. (b)
The stick image of (a).

3-D volumefile should be saved in Cartesian coordinates
by the Voluson 530D or 3-D View 2000 program. In the
3-D volume file in Cartesian coordinates, the volume
data set is a set of consecutive 2-D image planes. Three
orthogonal planes, longitudinal, transverse and coronal
planes of a volume data set could be obtained by using
our developed program.

2-D stick

It has been shown that the ultrasonic image edge
detection problem can be modeled as a line process
instead of a step process (Czerwinski et al. 1998; Richard
and Czerwinski 1999). Using line segments (also called
sticks) in different angular orientations as a template and
selecting the most suitable orientation at each point, it is
possible to reduce speckle and improve edge information
in ultrasonic images.

Considering a square NXN area in an image, there
are 2N — 2 short lines that pass through the central pixel,
with each line including exactly N pixels. For each of
these 2N — 2 lines, the sum of pixel values along the line
is calculated. The segment with the maximum sum is
selected and the stick-image value at the center pixel is
the maximum of the 2N — 2 line sums. This process is
repeated for all the pixels in the image. In the resulting
image, the contrast at the edges is enhanced and the
speckle is reduced. The result of an image after a stick
filter is shown in Fig. 3.

2-D snake
The active contour model, also called snake for the
nature of its evolution, is an established method for the
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contour extraction and image interpretation. The deter-
mination of an object contour depends not only on the
local image force at a particular point, but also on the
properties of a contour’s shape. In a discrete dynamic
contour model, introduced by Kass et al. (1988), the
contour is represented as a set of vertices that move in
response to internal forces and external forces. The in-
ternal forces are derived from the properties of the shape
of the contour. The external forces are derived from the
image features. The internal forces minimize the local
contour curvature, while the external forces make the
model follow a path of low energy through the external
energy distribution. The deformation process executes in
discrete steps until alocal minimum of the energy func-
tion is reached.

During the deformation process, the forces acting
on avertex x; are internal, external and damping forces;
the total force f; is a weighted combination of these
forces

fi = Wint Fingi + Woq foei T WaampVi 1)

Where Wi, Wey and Wy,m, are the weighting factors of
internal force, external force and damping force, f;
and f,; are the internal force and external force acting
on vertex x;, and v; is the velocity of vertex x;,. The
damping force is to prevent the model from oscillating
between two states, which both represent an energy
minimum.

We adopt this model as the basis of our 3-D snake
model for several reasons. It was successfully applied to
different kinds of medical images, including ultrasonic
images and CT images. The approach of the deformation
process is straightforward and can be traced out step-by-
step. The parameters that need to be set are less than
those required by other methods and it is easy to exhibit
their effect on the process.

The proposed 3-D segmentation method

Presently, diagnostic analysis of ultrasonic images
is carried out on 2-D cross-sections of the object-of-
interest and it performs on separate 2-D images without
consideration for the relationship between the images
(Garra et a. 1993; Chen et al. 2000b). No information
about the third dimension information is used and there
is no way of observing the outward surface of the object.
One way for a physician to visualize the complete object
is by reconstructing the object based on a series of 2-D
images. However, the subjectivity of a doctor may affect
the interpretation and perplex the identification of the
tumor. Hence, the use of 3-D segmentation techniques,
based on the 2-D methods, can be used to get over these
problems. The flow chart of the proposed method is
shown in Fig. 4.
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Fig. 4. The flow chart of the proposed method.

3-D Stick

Sticks are usually with the form of 2-D. In this
paper, the extension of the stick from 2-D to 3-D is for
dealing with the 3-D ultrasonic data. Two kinds of stick
length, five and seven, are used in the proposed 3-D stick
for enhancing the edge information in the images. The
categories of the stick are calculated based on the sym-
metry. For example, the integers 5 and 7 can be ex-
pressed by the sum of several integers which have the
symmetric property, as shown in Table 1.

According to the Table 1, the stick with length five
has two different categories of the stick, and the stick
with length seven has three different categories of the
stick. These categories are defined based on how many
stick elements are included in a frame. For example, the
first category of stick with length five in each frame
includes one stick element. The second category of stick
with length five is in the middle frame where the central
stick element includes three stick elements and the pre-
vious frame and the next one includes one stick element,

Table 1. The symmetric decomposition of an integer

Integer Left part Middle part Right part
5 1,1 1 1,1
1 3 1
7 1,11 1 1,11
1,1 3 1,1
1 5 1

In the right three columns, the number denotes how many stick
elements are included in each frame.
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Table 2. The content of the proposed 3-D stick

Length of Number of forms
the stick Category of the stick of the stick
5 a (1-1-1-1-1) 7
b (1-3-1) 12
7 a(1-1-1-1-1-1-1) 7
b (1-1-3-1-1) 12
¢ (1-5-1) 12

In the center column, the number denotes how many stick elements
are included in each frame.

respectively. By the way, we exclude the case that one
frameincludes all stick elements, because no information
of neighbor frames is referenced. The categories of stick
with length seven are defined in the same way. In Table
2, we show a number of forms of the stick in each
category.

The set of astick with length five has 19 forms. Fig.
5 represents two sample forms in each category of the
stick with length five. The set of a stick with length seven
has 31 forms. Fig. 6 represents two sample formsin each
category of the stick with length seven.

Automatic thresholding

In the proposed method, the 3-D volume data file
for a breast tumor is extracted to a series of images
first and the histogram equalization (Gonzalez and
Woods 1992a) is applied to each image for contrast
enhancement. Then a new 3-D stick method is pro-
posed to process all of the images at atime, to obtain
the better shape information. Generally, the region of
the tumor in the ultrasonic image is the darker part and
the background is the brighter part. Thus, the simplest
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Fig. 5. Two sample formsin (a) category a, and (b) category b
of the stick with length five.
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Fig. 6. Two sample formsin (a) category a, (b) category b and
(c) category c of the stick with length seven.

way for separating the tumor region from the back-
ground of the image isto use athreshold method to get
the binary image, where the region of tumor is the
black area and the background is the white area. The
automatic threshold-determination method proposed
by Ramesh et al. (1995) is adopted to achieve the goal.
It is based on minimizing the sum-of-square errors
SSE(t) between the gray values and the mean valuesin
the two regions to find the threshold value.

255

SSE(t) = (i — (1)’ + X (i —x(1)* (2

i=0 i=t+1
where

t 255
> ih; > ih,
t=0 i=t+1

X (t) = . Xy (1) = - ,
> h > h
i=0 i=t+1

and h; is the number of pixels with gray level i.
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3-D morphology

After obtaining the thresholded images, some small
holes, i.e., white areas, may appear inside the tumor
region. Moreover, there may be small islands, i.e., black
areas, outside the tumor region of the thresholded image.
The morphologic techniques, such as closing and open-
ing, are often used for pre- or postprocessing of an
image. Closing generally smoothes the contour of an
image, fuses narrow breaks and long thin gulfs, and
eliminates small holes. Opening also smoothes sections
of contours but, on the contrary, it breaks narrow isth-
muses and eliminates thin small islands and sharp peaks.
Therefore, we extend the morphologic operations from
2-D to 3-D to remove these unwanted small regions in
the binary images. Also, the morphologic techniques can
be used to extract the boundary of the tumor in each
image. In this paper, weusea5 X 5 X 5 cubein the 3-D
morphologic filtering and use a5 X 5 sguare for mor-
phologic edge detection.

After this step, these boundaries can be treated as
the initial contours for the following 3-D snake process.
The 3-D snake procedure will change the initial 3-D
shape to the more accurate tumor shape. After obtaining
the shape of the tumor, the tumor volume and surface
area are easily obtained from the shape information.

3-D snake

The traditional snake model is often used in pro-
cessing 2-D images. The proposed 3-D snake model
modifies the internal forces and the external forces to the
form of 3-D. Besides the curvatures of the horizontal and
vertical directions, the internal forces also calculate the
curvature of the depth direction. Meanwhile, we used a
27 neighborhood to calculate the external force. The
relationship of the 27 pixels including the horizontal,
vertical and depth directions will be consider at the same
time.

The internal forces defined in the proposed model
are related with the local contour curvature. The local
curvature at the location of a vertex is the difference
between the orientations of the two edge segments that
connect at the location. The vector oi represents the edge
segment leaving from vertex X;. The unit vector §; de-
scribes the orientation of the edge segment. The local
curvature ¢; a X; is defined by

Ci=0— 0. 3
The locally tangential unit vector t; at a vertex X; is
defined as the normalized sum of the unit vectors of two

connecting edge segments

8+ 0, ,
T | “)
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The unit vector f; in thelocal radial orientation is derived
from f, by a rotation over =/2 radians

= [ _01 é]fi )

The vectors{, and ; describe alocal coordinate system at
the position of vertex X;. If the local curvature vector ¢
isrepresented in terms of the local t,r-coordinate system,
G is pointing the orientation of f; or in the contrary
orientation. Thus, ¢; isavector along the local r-axis and
its length is the dot product (c; - ;). The length ¢; of the
curvature vector can be positive as well as negative

¢ =(c-f)f. (6)

According to above description, the internal force f; ., ;
can be defined by Egns. (7)—(9).

fint,i = fint,i i (7)

fii = (G- T) & p; (8)

= 0,0,0 . 1000 9
pi_ ...,,,,_Ealu_iayl!"' ()

where f;,;, the strength of the internal force, is the
convolution of ¢; - f; and a discrete second difference
operator p;. p; is a symmetric discrete operator with a
zero frequency component equal to zero, and it consists
of three nonzero coefficients where the value 1 appliesto
position i and the values to positionsi — 1 andi + 1.

In the conventional snake model, the external force
is usualy calculated from the gradient of the original
image. Thiswill involve some incorrect information due
to the speckle and the tissue-related textures and the
result is unacceptable. For this reason, the external force
is calculated from the texture information, instead of
gradient, of the US image in our method. Furthermore,
the Gaussian blurring is applied for better results. How-
ever, the blurred texture feature will lose some tumor
boundary information. Hence, the original image feature
is also used to retain the boundary information.

Let T(x,y,2) denote the texture image after applying
the texture analysis to the original image 1(x,y,2). The
texture analysis of a point P(x,y,2) is to calculate the
average variance of the voxel, centered at point P(x,y,2),
with the size of 3 X 3 X 3 pixels. The Gaussian blurring
operator is applied to the texture image T(x,y,2), then the
blurred texture image Tgg(X,Y,2) is obtained. The external
energy distribution E is defined as the sum of —1" and
—T &g, Where —1" and —T' g are derived from normal-
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Fig. 7. Automatic segmentation of the tumor by VOCAL™ software.

izing —I and —Tgg into [0,1]. The external force f,, can
be calculated from E; that is,

E = _I "= TGB’ (10)
fo. = —VE. (11)
Let t denote the step at a particular time t. The deforma-

tion process at each step with the incremental time At can
be expressed as follows:

at + At) = %fi(t + At) (12
vi(t + At) = v(t) + a(t) At (13)
si(t + At) = s(t) + vi(t) At 14

where a,, v; and s denote the acceleration, velocity and
position vectors of vertex x;, respectively, m is the mass
of vertex x; and f; is the total force acting on vertex Xx;,
which is defined in Eqgn. (1). Generally, all the values of
m;, are assumed to be equal, and 1/m regarded as a
constant scaling factor.

During the deformation process, the distance be-
tween two vertices will change constantly. Thisresultsin
local variation and in global changes in the resolution of

the model. Both of these are undesirable, but small local
variation in the resolution is inevitable because a defor-
mation process can only be possible if the vertices have
the liberty to move with reference to their neighbors. For
this reason, periodically resampling the model aong its
path will keep this variation between some limits. The
resampling step contains two criteria of the segment
length between two vertices in the shape. If the segment
length in the shape is larger than an upper bound, this
segment is divided into two shorter ones of equal length
and a new vertex isinserted in the middle of them. If the
segment length in the shape is shorter than a lower
bound, this segment is removed, replacing two vertices
on the ends of this segment by one vertex in the middle

Table 3. The 3-D ultrasonic files of the eight tumors used in
our experiment

Data size in pixel Data size (cm)

(column X row X (width X length X Benign/
Tumor page) depth) Malignant
1 256 X 184 X 56 356 X 2.56 X 3.54 B
2 176 X 104 X 90 244 X 1.44 X 2.63 B
3 210 X 162 X 224 292 X 2.25 X 3.10 B
4 256 X 166 X 232 356 x 231 X 3.21 B
5 256 X 202 X 236 356 X 2.81 X 3.26 M
6 214 X 162 X 212 297 X 2.25 X 294 M
7 162 X 128 X 192 225 X 1.78 X 2.67 M
8 224 X 174 X 248 3.10 X 242 X 3.44 M
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(®
Fig. 8. The resulting images of tumor 1. (a) The original image.
(b) The equalized image of (a). (c) The stick image of (b). (d)
The image after morphologic process of (c). (e) Theimage after
automatic threshold of (d). (f) The contour of the tumor derived
from (e). (g) The result of the snake.

of the two replaced vertices. In our experiments, we set
the lower bound and upper bound to 2 and 6, respec-
tively.

Calculation of surface area and volume of tumor

After the 3-D snake procedure, a fina shape of the
tumor can be obtained and the region-growing method
can be used to fill up the region encircled by the final
shape. By the resolution information of the 3-D ultra-
sonic file, the number of voxelsin the filled regions can

()

Fig. 9. The resulting images of tumor 2. (&) The original image.

(b) The equalized image of (a). (c) The stick image of (b). (d)

The image after morphologic process of (c). (e) Theimage after

automatic threshold of (d). (f) The contour of the tumor derived
from (e). (g) The result of the snake.
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Table 4. The comparison of the tumor volume calculation
between the VOCAL™ software and the proposed method

VOCAL™ Proposed
software method Match rate
Tumor (cm3) (cm®) (%)
1 3.515 3.169 90.2
2 0.414 0.426 97.1
3 1.180 1.185 99.6
4 5.766 5.522 95.8
5 2.238 2.081 93.0
6 1917 1.776 9.7
7 0.755 0.731 96.8
8 1.638 1.499 91.5

be used to calculate the volume of the tumor. Besides,
the final 3-D shape can be decomposed to a series of 2-D
contours in each image slice and the surface area of the
tumor can be computed from the contour information.

RESULTS

The proposed method is implemented by using the
C** language under the Borland C** Builder environ-
ment. The program is running on an Intel Pl11-866 ma-
chine. The VOCAL™ software contained in the 3-D
VIEW™ isatool for calculating the volume data as well
as the geometric surface information in a well-defined
border lesion. The segmentation and volume calculation
of the tumor in this software can be done automatically
or manualy. In Fig. 7, the automatic segmentation by
VOCAL™ software is not good and its volume mea-
surement is not accurate enough. The comparison of the
volume between the proposed method and the VO-
CAL™ software with the physician’s manual adjustment
is demonstrated.

Eight 3-D ultrasonic files of the tumors in Table 3
are used in the experiment. One of the resulting images
of each step in the proposed method is shown in Figs. 8
to 15. We aso show the 3-D results of some tumors in
Fig. 16, representing that our method is accurate. The
volume of the tumor calculated by the VOCAL™ soft-

Table 5. The execution time (in seconds) of each step in the
proposed method in the experiment

3D 3D
Tumor Equdlization stick Automatic 3-D Boundary snake Tota

1 17 13 2 101 117 297 547
2 1 1 1 2 1 21 27
3 1 3 1 14 4 70 93
4 16 11 2 114 98 233 474
5 7 6 1 49 6 175 244
6 10 4 1 31 4 109 159
7 4 1 1 8 1 28 43
8 11 3 1 28 4 98 145
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Fig. 10. The resulting images of tumor 3. (&) The original
image. (b) The equalized image of (a). (c) The stick image of
(b). (d) The image after morphologic process of (c). (e) The
image after automatic threshold of (d). (f) The contour of the
tumor derived from (€). (g) The result of the snake.

ware and the proposed method are shown in Table 4. The
match rate MR is defined by

MR = (1 Vol

) X 100%

where Vol, is the volume of the tumor calculated by the
VOCAL ™ software and Vol, is the volume of the tumor

Fig. 11. The resulting images of tumor 4. (&) The original
image. (b) The equalized image of (a). (c) The stick image of
(b). (d) The image after morphologic process of (c). (e) The
image after automatic threshold of (d). (f) The contour of the
tumor derived from (€). (g) The result of the snake.

(2

Fig. 12. The resulting images of tumor 5. (&) The original
image. (b) The equalized image of (a). (c) The stick image of
(b). (d) The image after morphologic process of (c). (e) The
image after automatic threshold of (d). (f) The contour of the
tumor derived from (€). (g) The result of the snake.

calculated by the proposed method. The average match
rate is about 95% and this shows that the result of the
proposed method is very close to that of the VOCAL™
software with the physician’s manua operation. Table 5
lists the execution time of each step in the proposed
method.

(2

Fig. 13. The resulting images of tumor 6. (&) The original
image. (b) The equalized image of (a). (c) The stick image of
(b). (d) The image after morphologic process of (c). (e) The
image after automatic threshold of (d). (f) The contour of the
tumor derived from (€). (g) The result of the snake.
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(d)

Fig. 14. The resulting images of tumor 7. (a) The original
image. (b) The equalized image of (a). (c) The stick image of
(b). (d) The image after morphologic process of (c). (¢) The
image after automatic threshold of (d). (f) The contour of the
tumor derived from (€). (g) The result of the snake.

CONCLUSION

In this paper, the introduced 3-D ultrasound segmen-
tation method not only provides the accurate segmenta-
tion of the tumor shape, but also easily evaluates the
volume of the tumor. The extension of the traditional 2-D
segmentation approach and the use of the depth infor-
mation between image slices make the segmentation
result more precise. The 3-D techniques, including the
3-D stick, 3-D morphologic process and 3-D snake
model, arefirst used and the outcome is similar to that of
the VOCAL™ software with the physician’s manual
adjustment. The advantage of our approach is that the
physician does not need to spend a lot of time manually
drawing the initial contour in each ultrasonic image of
the tumor. The obtained final 3-D shape of the tumor can

(a) (b)
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Fig. 15. The resulting images of tumor 8. (a) The origina
image. (b) The equalized image of (a). (c) The stick image of
(b). (d) The image after morphologic process of (c). (e) The
image after automatic threshold of (d). (f) The contour of the
tumor derived from (€). (g) The result of the snake.

be separated into the contours in image slices and these
contours can be treated as the 2-D segmentation result of
each ultrasonic image of the tumor. In the future work,
there are some other initial shape-finding approaches that
can be used to get the initia shape, such as the 3-D
watershed transformation (Kuhne et a. 1997). Further-
more, the volume information of the tumor can be used
to trace the variant state of the tumor in clinical appli-
cations.
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