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Abstract—Segmentation of multiple objects with irregular contours and surrounding sporadic spots is a common
practice in ultrasound image analysis. A new region-based approach, called cell-competition algorithm, is
proposed for simultaneous segmentation of multiple objects in a sonogram. The algorithm is composed of two
essential ideas. One is simultaneous cell-based deformation of regions and the other is cell competition. The cells
are generated by two-pass watershed transformations. The cell-competition algorithm has been validated with 13
synthetic images of different contrast-to-noise ratios and 71 breast sonograms. Three assessments have been
carried out and the results show that the boundaries derived by the cell-competition algorithm are reasonably
comparable to those delineated manually. Moreover, the cell-competition algorithm is robust to the variation of
regions-of-interest and a range of thresholds required for the second-pass watershed transformation. The
proposed algorithm is also shown to be superior to the region-competition algorithm for both types of images.
(E-mail: chung@ntu.edu.tw) © 2005 World Federation for Ultrasound in Medicine & Biology.
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INTRODUCTION

Ranging from volume measurement and tissue charac-
terization to dynamics analysis, boundary information
plays versatile roles in quantitative and qualitative ultra-
sound (US) image analyses. For instance, the shape,
spiculation and anfractuosity of lesion boundary serve as
crucial descriptors for breast lesion malignancy (Chou et
al. 2001; CM Chen et al. 2003). Accurate prostate bound-
aries are critical information for prostate brachytherapy
(Zimmern and Leach 1995), including gland volume
study, pubic arch interference determination, dosimetry
planning and postoperative dosimetric evaluation
(Pathak et al. 2000). The wall thickness and size of
ovarian follicles are useful indicators for characterization
of follicles (Krivanek and Sonka 1998). Luminal and
medial-adventitial borders are the basis for volumetric
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assessment of coronary plaques in intravascular US im-
ages (Klingensmith and Vince 2002). Deformation dy-
namics of cardiac structure contours are valuable at-
tributes for diagnosing cardiac diseases (Chalana et al.
1996; Mikic et al. 1998).

To facilitate quantitative and qualitative US image
analyses, numerous automatic or semiautomatic bound-
ary detection approaches have been proposed for various
clinical applications. Some distinguished approaches are
parametric deformable models (Chalana et al. 1996;
Mikic et al. 1998; DR Chen et al. 2003), level set
methods (Corsi et al. 2002; Chang et al. 2005), edge-
linking methods (Wolf et al. 2002; Ye et al. 2002;
Klingensmith and Vince 2002), model-based methods
(Bosch et al. 2002; Shen et al. 2003), region-based meth-
ods (Potocnik et al. 2002; Drukker et al. 2002), classifi-
cation (Dokur and Olmez 2002; Kotropoulos and Pitas
2003) and thresholding (Zimmer et al. 1996). Generally
speaking, these approaches usually perform well if the
object of interest has a reasonably well-defined boundary

and homogeneous interior or exterior, at least in the
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vicinity of the boundary. For some clinical applications
(e.g., segmentation of sonographic prostates), the shape
of the object of interest does not vary with each individ-
ual dramatically. In this case, by taking advantage of the
statistics of the shapes, some model-based approaches
(e.g., the active appearance motion model) (Bosch et al.
2002) may still achieve good results, even if the bound-
ary is corrupted by speckles and artifacts.

Regardless of the promising performances repeat-
edly reported by previous approaches, boundary detec-
tion on a sonogram, however, remains as a hard task and
is far from being practical for clinical uses in general.
The difficulty may be mainly accredited to the notori-
ously complex nature of an US image constituted by
speckle, tissue-related textures and artifacts. These three
classes of ingredients further form several undesirable
sonographic features commonly observed in an US im-
age, such as irregular textural patterns, nonuniform mean
grey-level distributions, heterogeneous boundary condi-
tions, weak or missing edges and multiple prominent
components for objects of interest. A “prominent com-
ponent” is a contiguous region that has a visually per-
ceivable boundary enclosing a largely homogeneous
area, which might be a noise, an artifact, a substructure
of a tissue or a part of object of interest. As an example,
Fig. 1a shows a clip of breast sonogram with a benign
lesion, the boundary of which is manually delineated
with the solid white curve in Fig. 1b. The irregular
textural patterns, nonuniform mean grey-level distribu-
tions and heterogeneous boundary conditions are clearly
observable in Fig. 1a. Moreover, weak edges may be
found in the bottom right and middle left portions of the
lesion boundary, as indicated in Fig. 1a, and a portion of
lesion boundary is connected to two prominent compo-
nents, which are demarcated by dashed white curve in
Fig. 1b.

Given that the object shapes may vary with individ-
uals in general clinical applications, these sonographic
features form different types of obstacles for different
classes of previous approaches. For example, determina-
tion of the optimal threshold for thresholding is usually
difficult because of the heterogeneous textural patterns
and grey-level distributions. Derivation of effective clas-
sification rules or functions is hardly successful caused
by the heterogeneous boundary conditions and the spa-
tially variant image property. The parametric deformable
models are easily trapped or blocked by the false edges
of the prominent components, unless the initial contours
are close to the desired boundaries.

For the level-set methods starting with a single level
set and the region-growing approaches with a single
seed, prominent components and weak edges cause op-
posite effects in curve and region deformations, respec-

tively. Unlike the parametric deformable models, both
classes of approaches are capable of getting around the
potential hindrance imposed by the isolated prominent
components. However, both of them may be blocked by
a prominent component that is adhered to the desired
boundary. As time passes by, although the zero level set
may go across the border of the blocking prominent
component because of the nonzero deformation speed, it
may leak from the weak edges of the object boundary in
the meanwhile. This phenomenon is illustrated in Fig. 1c,
in which two snapshots of the level-set evolution plus the
initial level set are illustrated. The two snapshots are
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Fig. 1. (a) Breast lesion with weak edges commonly found in a
breast sonogram; (b) the boundary of the lesion manually
delineated, surrounded by two prominent components; (c) the
zero-level sets captured at time steps (grey contour) 90 and

(white contour) 130.
zero-level sets captured at time steps 90 and 130, which
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correspond to the grey contour labeled by “t90” and the
white contour labeled by “t130” in Fig. 1c, respectively.
The level-set evolution is realized by using the fast
marching approach provided in NLM Insight Segmenta-
tion and Registration Toolkit version 1.6.0, which is an
open-source software system funded by the US National
Library of Medicine (http://www.itk.org, 2001). Figure
1c shows that the zero-level set reaches the weak edge in
the middle left portion of the lesion boundary and the
border of a prominent component inside the lesion at
time step 90. At time step 130, the zero-level set leaks
from the weak edge and is still blocked by the prominent
component. Similarly, the weak edges frequently be-
come the breach of the region-growing process.

Because of the complex nature of the US images, it
is a common scenario that the boundary of the object of
interest is surrounded by prominent components, some of
which may be connected to the desired boundary. Rather
than attempting to conquer the potential blockades
formed by the prominent components and other undesir-
able sonographic features at the same time, one possible
solution to derive the object boundary is to convert the
original problem into a multiple-region segmentation
problem. Each region corresponds to an object of interest
or a prominent component, which is as large as possible
to avoid oversegmentation. One advantage of this ap-
proach is that identifying all prominent components is
expected to be easier than directly detecting the object
boundary because a prominent component is more ho-
mogeneous than a region-of-interest (ROI). If the image
quality of an ROI is high, the object boundary would
most probably form a single region. In this case, the
object boundary is readily extracted. Otherwise, the de-
sired boundary may be easily determined with a minimal
effort (e.g., identifying the prominent components con-
stituting the object boundary manually with only a few
clicks or automatically with a simple search scheme).
The other advantage is that, if multiple objects of interest
are to be segmented, all object boundaries may be iden-
tified simultaneously.

Several classes of approaches have been proposed
for segmentation of multiple regions in an ROI, includ-
ing multiple level-set methods (Yezzi et al. 2002;
Vázquez et al. 2003; Zhang et al. 2004; Kinkar 2005),
multiple-seed region growing (Kinkar 2005), split-and-
merge (Wu 1993; Kwak et al. 2003) and region compe-
tition (Zhu and Yuille 1996), etc. All of these four
classes of approaches may be categorized as deforma-
tion-based multiple-region segmentation algorithms.

The multiple level-set methods are basically an aug-
mentation of the conventional level-set methods. A level-
set method embeds the deforming curves in a higher-
dimension function, called level-set function, as the zero

level set. By updating the level-set function guarded by
an evolution equation, the level-set method evolves a
curve implicitly through redefining the zero level set for
every function update. Because multiple level sets are
used, it is essential to determine the number of level sets
to be used and the locations to place the initial curves.
Some multiple level-set methods (Zhang et al. 2004;
Kinkar 2005) simply let the users determine these two
parameters. Flexible as they are, it may be tedious work
when the object boundary is surrounded by many prom-
inent components and the results may depend on the
placement of the initial curves. Some other methods
(Yezzi et al. 2002; Vázquez et al. 2003) require the
number of level sets be specified at the very beginning,
which is impractical for US image segmentation because
the ROI may be too complicated to estimate the number
of level sets involved. Furthermore, these methods may
fail if two level sets deform into the same region.

Multiple-seed region growing is a simple extension
of the conventional region-growing scheme by using
multiple seeds initially. It shares similar problems with
the multiple level-set methods; namely, where to place
the initial seeds and how many seeds to be placed. In
addition, if two regions merge, no mechanism is pro-
vided to split them again. It implies that the multiple-
seed region-growing methods are easily trapped in a
local minimum caused by incorrect merging. The seg-
mentation results would be greatly dependent on the
placement of the initial seeds because region-merging
patterns vary with seed placement.

Split-and-merge is frequently one of the natural
choices to decompose an ROI into homogeneous regions.
Typically, the ROI is first split into small pieces of
homogeneous areas with regular or irregular shapes.
Then, adjacent homogeneous areas are merged to form
larger regions subject to the constraint of homogeneity.
As with the multiple-seed region-growing techniques,
the split-and-merge approaches also suffer the deficiency
that, after two areas are merged, they are destined to be
in the same region. This deficiency makes the split-and-
merge algorithms easily trapped in a local minimum
because of incorrect merging.

The region-competition algorithm proposed by Zhu
and Yuille (1996) is a classic approach to segmenting an
ROI into multiple homogeneous regions based on com-
petition between adjacent regions. The algorithm starts
with N initial curves, each of which defines a closed
region. All curves evolve based on a region-competition
strategy that is composed of two stages. These two stages
are performed alternately until convergence is reached.
In the first stage, given a fixed number of regions, every
pair of adjacent regions compete the motion of their
common boundary by locally minimizing an energy
function characterizing the boundary length and the

model fit to a mixture of probability distribution func-
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tions (PDFs). In the second stage, merging of every two
adjacent regions is evaluated and the one yielding the
largest decrement of energy is performed. Two steps are
involved in the first stage. In the first step, with fixed
boundaries, the PDF parameters for each region are
estimated by maximizing the joint probability of all
observations in the region. In the second step, with fixed
PDF parameters, every common boundary is moved by
using a motion equation minimizing the energy function
in a steepest-descent fashion. These two steps also alter-
nate until boundary motion reaches a steady state.

In comparison with the multiple-seed region-grow-
ing and split-and-merge approaches, the region-compe-
tition algorithm has the great advantage that, if some
pixels are included by a region, they still have the op-
portunity to change their region memberships through
competition mechanism. Nevertheless, if two regions are
merged, it is very unlikely to separate them again be-
cause the merged regions are usually too big to be
separated pixel by pixel. Therefore, if one region is
mistakenly merged into another in the early stage, it may
remain so until the end of the region-competition pro-
cess. Another deficiency of the region competition is that
the resulting region boundaries may not coincide with
the visually perceivable edges very well. It is because
fitting observations in a region to a PDF may not sensi-
tive enough to the deviation of the estimated boundary
from the true one, especially when the image quality
along the true boundaries is low. As a matter of fact, it is
a common deficiency of many previous algorithms de-
signed for US image segmentation.

To cope with various kinds of obstacles caused by
the complex nature of a sonogram, in this paper, a new
segmentation approach, called cell-competition algo-
rithm, is proposed for simultaneous boundary detection
of multiple known objects of interest with irregular
boundaries. The goal of the cell-competition algorithm is
to partition the objects of interest in the ROI into as few
prominent components as possible so that the desirable
object boundaries may be extracted from these promi-
nent components with minimal effort. The basic idea is
to decompose the ROI into a set of small homogeneous
areas of irregular shapes, each of which is called a cell.
Each cell uniquely defines a region initially. Based on a
statistical-competition algorithm, all regions split or
merge simultaneously in a cell-by-cell manner by com-
peting neighboring cells with adjacent regions until a
steady state is reached. As the split/merge process comes
to a stop, each region defines a prominent component and
each object of interest is characterized by one or multiple
regions, depending on the complexity of the object.

The cell-competition algorithm shares two essential
ideas with two previous approaches. The first essential

idea is cell-based deformation, proposed in one of our
previous works (Chen et al. 2002). Cell-base deforma-
tion is motivated by the fact that the cell boundaries are
candidate edges for the desired boundary. If a curve or a
region is deformed in a cell-by-cell manner, the derived
boundary is ensured to agree with visually perceivable
edges. Moreover, because every instance of curve or
region deformation is actually in a local optimum, every
attempt of cell-based deformation is entitled to evaluate
several other local optima, which offers a much better
chance than pixel-based deformation to find the desired
boundary.

Shared with the region-competition algorithm, the
second essential idea of the cell-competition algorithm is
to allow adjustment of pixel membership through a local
competition mechanism. However, both competition al-
gorithms have two fundamental differences. The first
difference is that the cell-competition algorithm uses a
cell as the unit of region deformation, whereas region
competition deforms one pixel at a time. The advantages
of using a cell as the deformation unit are twofold. One
is the assurance that the derived boundaries are coinci-
dent with visually perceivable edges. The other is that it
offers a large area, which means more samples, for
assessment of statistical fitness when moving one cell
from one region to another. Although one may use a
small circular area centered at the pixel under consider-
ation to enhance the robustness of statistical evaluation,
it is less natural than the cell-based approach, especially
in the vicinity of an edge. Furthermore, it may degrade
the resolution of curve or region deformation.

The second difference between these two competi-
tion algorithms lies in that the cell-competition algorithm
may separate a region from another cell by cell if these
two regions have been improperly merged. More specif-
ically, the statistical cell-competition mechanism allows
a cell to merge into or split from another region back and
forth dynamically according to the time-varying energy
states of all regions. A region, therefore, may make
different decisions at different times on whether a cell
should be included. In contrast, the region-competition
algorithm can achieve this only in a pixel-by-pixel fash-
ion, which is highly impossible because of the potential
local minima involved.

MATERIALS AND METHODS

The proposed cell-competition algorithm is a re-
gion-based segmentation method designed with two es-
sential ideas; namely, simultaneous cell-based deforma-
tion of multiple regions and cell competition. The idea of
simultaneous cell-based deformation of multiple regions
is to deform multiple regions, each of which is initially
defined by a cell, in a cell-by-cell fashion, which endows

the cell-competition algorithm with two attractive prop-
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erties. One property is multiple-target segmentation,
which not only provides an effective mechanism to de-
tect the boundaries of all objects of interest and promi-
nent components simultaneously, but also greatly en-
hances the immunity to the isolated sporadic noise. A
target refers to an object of interest or a prominent
component. The other property is the quantum jumps
among the local minima defined by different combina-
tions of cell boundaries. In other words, only the local
minima of the deformation space are considered as the
candidate positions for the movements of the deforming
regions, which substantially reduces the possibility of
being trapped in an undesired local minimum.

The search of better local minima in the deforma-
tion space is further improved by the idea of cell com-
petition, which offers each region a statistical mechanism
to recruit the best set of cells into the region. The mem-
bership of a cell to a region may change with time,
depending on the result of every cell competition during
the deformation process. It, thus, largely minimizes the
deficiency generally found in most deformation-based
multiple-region segmentation algorithms that, after two
regions are merged, they are unlikely to be separated
again. Based on these two ideas, the cell-competition
algorithm is comprised of two major stages (i.e., cell-
generation stage and cell-based deformation and compe-
tition stage).

Cell-generation stage
The structural unit of the cell-competition algorithm

is a cell, which is a homogeneous area circumscribed by
a distinguishable boundary. The homogeneity of a cell
may be defined by any similarity measure of image
properties (e.g., pixel intensities, textural patterns, etc).
This stage aims to decompose the selected ROI into
nonoverlapped cells based on the homogeneity criterion.
Two steps are involved in the cell-generation process.
The first step is to derive the edge-strength map of the
ROI quantifying the homogeneity variation in the vicin-
ity of each pixel. Without loss of generality, in this study,
each cell is defined as a homogeneous area composed of
pixels with similar grey levels. The cell-competition
algorithm may be easily adapted to any other similarity
measure, provided that the required edge-strength map of
the ROI is computed for the corresponding similarity
measure.

To compute the edge-strength map based on the
homogeneity criterion of similar grey levels, the ROI is
first de-speckled to alleviate the interference of ultra-
sonic speckles on edge-strength estimation. Basically,
the cell-competition algorithm may work with any
speckle-reduction approach that removes the speckles
reasonably well. In this study, we have chosen to use a

multiscale Gaussian filtering scheme for its simplicity
and effectiveness in reducing the speckles while preserv-
ing the signals at different resolutions to account for the
slow- to fast-varying ramps potentially existing in an US
image. The multiscale Gaussian filtering sums up k de-
speckled images with equal weights, the ith of which is
derived by convolving the ROI with a Gaussian filter of
zero mean and variance �i

2. The edge strength at each
pixel is then estimated by taking the gradient of the
composite Gaussian filtered image of the ROI.

The second step in the cell-generation stage is to
derive the cell boundaries based on the edge-strength
map. If the surface of an edge-strength map is considered
as a topography constituted by various types of terrains,
such as hills, valleys, terraces, mountains, plains and so
on, the cell boundaries may be defined at the watersheds
because they represent the local maximums of the edge-
strength map. At least two watershed-transform algo-
rithms have been proposed to determine the watersheds
[i.e., the rainfall method of Gauch (1999), and the im-
mersion method of Vincent and Soille (1991)]. The rain-
fall method defines the watersheds as the dividing lines;
the rains at both sides of these lines flow into substan-
tially different directions. On the other hand, the immer-
sion method forms the watersheds at the points where
waters flooding from different catchment basins rendez-
vous. From the technical point of view, watersheds of the
immersion method are more well-defined than those of
the rainfall method because it is hard to decide the
flowing direction of the rainfall when a pixel has the
same magnitudes of gradients in multiple directions. For
simplicity, the immersion method is used in this study for
cell generation.

Imagine the landscape formed by the edge-strength
map is gradually submerged into the water with a hole at
the bottom of each catchment basin. The basic idea of the
immersion method is to simulate the process of water
infiltration, rising and flooding over the landscape. The
immersion method is an iterative process starting from
the pixels with the lowest edge strength, say l, from
which the water begins to infiltrate into the catchment
basins of the landscape with the lowest bottoms. In each
iteration, the landscape is immersed one level lower into
the water (i.e., the water rises one level higher over the
landscape). Therefore, in the ith iteration, the water cov-
ers all pixels with edge strengths less than l � i. The
watersheds are defined at those pixels where waters from
different catchment basins meet. The detailed immersion
method may be found in Vincent and Soille (1991).

The advantage of the immersion method is that the
cell boundaries are naturally defined by the watersheds.
Nevertheless, the immersion method tends to generate
too many small cells because a watershed may be de-
tected even with very weak edge strength. To alleviate

the oversegmentation problem, the edge-strength map is
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thresholded to eliminate the inferior watersheds. Because
whether the edge strength of a watershed is strong
enough is ROI-dependent, watershed transform is com-
pleted in two passes in this study. In the first pass, the
immersion method is applied to the original edge-
strength map, as usual, to obtain all potential watersheds.
Define �e and �e as the mean and SD of the edge-
strengths of the watersheds derived in the first pass.
Then, in the second pass, the edge strength smaller than
the threshold T2 � �e � ��e is set to T2, where � is a
positive constant, and the resulted edge-strength map is
used by the immersion method in the second pass. For
convenience, each closed homogeneous area circum-
scribed by watersheds derived in the first pass is defined
as an “elementary” cell and that surrounded by water-
sheds derived in the second pass is defined as a “cell,”
which is the operational unit of the proposed cell-com-
petition algorithm.

The two passes of watershed transforms are clearly
the key to the success of the cell-competition algorithm
because they produce the unit structures of the competi-
tion processes. The threshold T2 is a crucial factor in
determining the performance of the cell-competition al-
gorithm. In principle, given an ROI, the larger the thresh-
old T2 is, the larger the average size of the cells would be
and the fewer prominent components would comprise an
object of interest. However, using a larger threshold T2 is
more likely to eliminate the desired weak edges, mistak-
enly. Although the optimal T2 is image-dependent, em-
pirically, it is recommended that � in T2 be set to 1.0 � �
� 1.5. The ratio of the cell numbers to the elementary-
cell numbers increases as � increases. For example, the
ratios are approximately 0.45, 0.51 and 0.60 for � � 1.0,
1.2 and 1.4, respectively.

Cell-based deformation and competition
Simultaneous cell-based deformation of multiple

regions is an iterative process with each initial region
defined by a single cell. Each region deforms through
merging or splitting one cell per time, determined by the
cell-competition mechanism. Two types of cell-compe-
tition mechanisms may be identified in the deformation
process, namely, Types I and II competitions. Type I
competition characterizes the competition between two
regions for the ownership of a border cell (i.e., a cell
along the common boundary of these two regions. Three
possible states may result from a Type I competition.
One state is that a cell in a multiple-cell region splits
from its original region and merges into the other region.
Another state is that a cell in a single-cell region migrates
into the other region. The single-cell region vanishes
after the cell migration. The other state is that no cell
migration occurs and both regions remain as they are.

Type II competition occurs when one cell attempts to
split from a multiple-cell region to form a new single-cell
region. Two states are involved in competition, which
are either keeping the multiple-cell region as it is or
splitting it into two regions, at least one of which is a
single-cell region.

To illustrate these two types of cell-competition
mechanisms, Fig. 2a shows that there are five regions in
the beginning of the ith iteration, which are denoted as rj

i,
j � 1. . .5. The boundary of each region is demarcated by
a thick black contour. Filled with a unique texture pat-
tern, each region consists of one or multiple cells, the
boundaries of which are delineated with thin solid
curves. The kth cell in region j in the ith iteration is
denoted as ck(rj

i). The white double-arrows N indicate
three of all possible cell competitions that may occur in
this iteration, which are labeled as Competitions A, B
and C, respectively.

Competition A typifies a Type I competition with

Fig. 2. (a) Type I and Type II cell-competition mechanisms; (b)
the results of three competitions indicated in (a).
one cell, c2(r3
i ), migrating from a multiple-cell region (r3

i )
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to an adjacent region (r4
i ). The result of Competition A is

shown in Fig. 2b, in which cell c2(r3
i ) has been relabeled

as cell c2(r4
i ). Competition B also shows a Type I com-

petition, but with a single-cell region (r3
i ) merged into an

adjacent region (r2
i ), the result of which is shown in Fig.

2b with cell c1(r1
i ) changed to cell c2(r2

i ). Competition C
gives an example of Type II competition, in which cell
c2(r5

i ) attempts to split from region r5
i and the result is

depicted in Fig. 2b, in which cell c2(r5
i ) forms a new

single-cell region and is relabeled as c1(r6
i ). It should be

noted that, in practice, only one competition result is
realized in each iteration.

The cell-competition algorithm minimizes a cost
function that characterizes the integral stability of all
regions through both types of cell-competition mecha-
nisms. The cost minimization process is realized with a
steepest gradient descent approach. In each iteration,
every region and every pair of adjacent regions are
evaluated based on these two types of cell competition
and the region deformation leading to the largest cost
reduction will be selected. The cost function has been
designed in such a way that the total cost is the sum of all
local costs, each characterizing the local stability of the
one or two adjacent regions involved in the competition.
The advantage is that any region deformation would only
cause a change of the local costs of the regions involved
in the competition, which not only could substantially
simplify cost evaluation during region deformation, but
also would confine the cost change within the one or two
regions. The following notations are defined for a formal
description of the cost function.

ej: the jth elementary cell derived in the first pass of
watershed transform in the cell-generation stage;

�i: the set of regions in the ith iteration;
nj

i: the number of pixels enclosed by �(rj
i;

fk(rj
i): the grey level of the kth pixel enclosed by rj

j;
�(rj

i): the mean of the grey levels of the pixels enclosed
by rj

i, as in:

�(rj
j) �

1

nj
i �

k�1

nj
i

fk(rj
i); (0a)

�2(rj
i): the variance of the grey levels of the pixels en-

closed by r3
i , as in:

�2(rj
i) �

1

nj
i �

k�1

nj
i

�fk(rj
i) � �(rj

i)�2; (0b)

n: the number of pixels within the ROI;
fk: the grey level of the kth pixel within the ROI;
�: the mean of the grey levels of the pixels within
the ROI, as in:
� �
1

n �
k�1

n

fk; (0c)

�2: the variance of the grey levels of the pixels within
the ROI, as in:

�2 �
1

n �
k�1

n

�fk � ��2; (0d)

To localize the competition between every pair of
adjacent regions, the cost function proposed in this study
is composed of two components; namely, regional ho-
mogeneity and boundary strength. In the ith iteration, the
regional homogeneity, denoted as �i, is defined as the
weighted mean of the variances of the pixel grey levels
in all regions normalized by the variance of the grey
levels of all pixels in the ROI, as in:

�i �
1

n�2 �
∀ rj

i��i

nj
i�2(rj

i). (1)

By simple manipulation, eqn (1) may be rewritten as:

�i �

�
∀ rj

i��i

�
k�1

nj
i

�fk(rj
i) � �(rj

i)�2

�
k�1

n

�fk � ��2

, (2)

where the numerator may be called “within sum of
square” (i.e., the sum of the squared differences relative
to the mean grey levels within all regions), and the
denominator may be called “total sum of square” (i.e.,
the sum of the squared difference relative to the mean
grey level within the ROI). Because

�
k�1

n

�fk � ��2 � �
∀ rj

i � �i

�
k�1
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i

�fk(rj
i) � �(rj
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i � �i

��(rj
i) � ��2, (3)

(i.e., total sum of square may be decomposed into the sum
of within sum of square and between sum of square (the last
term in eqn (3)) the regional homogeneity �i is ensured to
be 0 � �i � 1. If every region contains only one pixel, �i

� 0. On the other extreme, if there exists only one region
that encloses the entire ROI, �i � 1. During region defor-
mation process, �i has the minimal value at the very
beginning because each region consists of only one homo-
geneous cell determined by the second-pass watershed

transform. As more and more cells are encompassed by
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each region, �i increases because of the increase of heter-
ogeneity within each region. Therefore, the regional homo-
geneity �i tends to play the role of preventing regions from
growing.

The second component of the cost function (i.e., the
boundary strength) quantifies the local similarity along the
common boundaries of all pairs of adjacent regions. To
define the boundary strength, Fig. 3 illustrates a snapshot of
region deformation in the ith iteration, in which the bound-
aries of regions, cells and elementary cells are delineated
with solid thick curves, solid thin curves and dotted thin
curves, respectively. Note that only the boundaries of the
elementary cells in regions rp

i and rq
i are presented for

clarity. It should be emphasized that each elementary cell
belongs to only one cell and each cell belongs to only one
region. A pixel on a region boundary is defined as a vertex
if more than two boundaries, each of which may be the
boundary of a region, a cell or an elementary cell, intersect
at this pixel. As examples, the vertices on the common
boundary of regions rp

i and rq
i are marked with small white

dots in Fig. 3.
A boundary segment is defined as a portion of region

boundary between two consecutive vertices, which is the
unit structure for defining the boundary strength. A bound-
ary segment is uniquely shared by two elementary cells
residing within two different regions. Let BS(ek1,ek2) denote
the boundary segment shared by two elementary cells, ek1

and ek2. For example, Fig. 4 depicts a boundary segment
BS(ej1,ej2) defined by two consecutive vertices, vi2 and vi3,
and shared by the elementary cells, ej1 and ej2, where the
thick curve represents a common boundary of two regions
and the dotted thin curves are the boundaries of the elemen-

vertex

elementary-cell boundary
cell boundary
snake boundary

i
pr

i
qr

Fig. 3. Cell-competition process in the ith iteration, in which
(solid thick line) the boundaries of regions, (solid thin line)
cells and ( · · · · ) elementary cells; (small white dots) the
vertices on the common boundary of regions rp

i and rq
i ; only the

boundaries of the elementary-cells in these snakes are pre-
sented for clarity.
tary cells.
Each boundary segment is endowed with a cost that
characterizes the edge profile (i.e., the grey-level variation
in the vicinity of the boundary segment) and the local
similarity between the two elementary cells sharing the
boundary segment. Two classes of edges defined by a
boundary segment may be found in an image usually, that
are termed as classes I and II for ease of discussion. Sup-
pose, in Fig. 4, line L is perpendicular to BS(ej1,ej2) and
intersects with BS(ej1,ej2) at pixel vL � BS(ej1,ej2). As
examples, Fig. 5a and b illustrates the grey level profiles of
line L for class I and class II edges, respectively. A class II
edge is different from a class I edge by a fast-varying
overshoot or undershoot near the intersecting pixel vL. Al-
though class I edge is a common edge type observable
between two different tissues in an US image, class II edge
is sometimes found in a septum of two adjacent lesions.

1i

2i

3i

4i

1je

2je
),( 21 jj eeBS

L

L

Fig. 4. A boundary segment defined by two consecutive verti-
ces, and shared by the elementary cells; (thick line) a common
boundary of two regions; ( · · · · ) boundaries of the elemen-

tary cells.

L

L

LN

L

L

(a)

(b)
LN

Fig. 5. Grey-level profiles of line L indicated in Fig. 4 for (a) a

class I edge and (b) a class II edge.
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The cost for a boundary segment is defined in terms of
the p values of three two-tailed Kolmogorov–Smirnov (KS)
tests. The first KS test, denoted as KS(ej1,ej2), tests the
similarity between the grey-level distributions of elemen-
tary cells, ej1 and ej2, which is used to quantify the strength
of a class I edge. To capture the characteristics of the
overshoot (or undershoot) of a class II edge, for each vL�
BS(ej1,ej2), let 	L be the pixel of the maximal (or minimal)
grey level among the NL-nearest neighbors of vL on line L
and �L be the set of 	Ls for all vL� BS(ej1,ej2). NL is set to
15 in this study. The second and third KS tests, denoted as
KS(ej1,�L) and KS(�L, ej2), respectively, tests the similarity
between the grey level distributions of ej1 and �L as well as
ej2 and �L. Let �0 be the set of boundary segments on the
boundaries identified by the second pass of watershed trans-
formation and bk denote the kth boundary segment in �0.
Let pk be the minimum of the p values of the three KS tests
of bk and

H � max
∀ bj � 
0

��log pj�. (3.5a)

The cost for bk is defined as:

�H � log pk�� �
∀ bj � 
0

�H � log pj� (3.5b)

In the ith iteration, the boundary strength, denoted as �i,
is defined as the sum of the costs for all bk� �i, as in:

�i � �
∀ bk � 
i

�H � log pk�
�

∀ bj � 
0

�H � log pj�
. (4)

The total cost function for cell competition in the ith
iteration, denoted as Ei, is thus defined as:
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and Nc and Nbs are the number of cells and number of
boundary segments in the beginning of the first iteration,
respectively. The constant �c serves as a weighting factor

to balance regional homogeneity and boundary strength.
The advantage of the cost function Ei is that any com-
petition between two regions r i

p and r i
q would only lead

to a cost change �Ei confined within these two snakes.
The general form of a cost change �Ei for a cell com-
petition between regions r i

p and r i
q may be expressed as:

Ei � �i � �c�i
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where regions r i
p’ and r i

q’ are the deformation results of
one of the two types of cell competitions involving
regions r i

p and r i
q. For Type I cell competition, one of r i

p’

and r i
q’ could be a null region, i.e., a nonexistent region,

if one region is a single-cell region and merges into the
other. For Type II cell competition, either r i

p and r i
q is a

null region. Moreover, one of the two regions, r i
p’ and

r i
q’, may be a null one if splitting is not preferred.

In the beginning of the cell-competition algorithm,
each region is defined by a single cell derived by the
second pass of watershed transformation. In the ith iter-
ation, the cell competition resulting in the maximum �Ei

would be realized. This process terminates when the
maximum �Ei is less than or equal to zero. To prevent
the ROI from being decomposed into too many regions,
when the cell-competition process terminates, a reinitial-
ization process is performed in such a way that the
current cells are redefined as the elementary cells and the
current region is redefined as a cell. This reinitialization
process will lead to a new cost function and the cell-
competition process may be restarted and repeated until
the maximum �Ei is less than or equal to zero. The
cell-competition algorithm iterates the cell-competition
process and reinitialization process until no more split-
ting or merging can be made through a cell competition.

In practice, it is very likely that each object of
interest comprises multiple prominent components be-
cause of the complex nature of an US image. Because the
aim of the cell-competition algorithm is to decompose
the objects of interest into as few regions as possible,
further effort is required to select those regions forming
the boundaries of the objects of interest when the algo-
rithm terminates. When the number of regions constitut-
ing the boundary of an object of interest is small (e.g.,
less than 3), it is reasonable to extract the object bound-

ary by manually selecting these regions. However, if the
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object of interest is so complicated that its boundary is
surrounded by many prominent components, an auto-
matic scheme would be needed to identify the object
boundary. For simplicity, the manual selection approach
is adopted in this study. It is because the cell-competition
algorithm is capable of partitioning an object of interest
into very few regions for most US images tested. Be-
cause no constraint has been imposed on the smoothness
of the region boundaries, the extracted boundaries may
be further smoothed by using any contour smoothing
techniques (e.g., spline interpolation as used in this
study).

Performance analysis
Two types of images are used to evaluate the per-

formance of the proposed cell-competition algorithm;
namely, synthetic images and clinical US images. With
known boundaries and simulated speckles, the synthetic
images serve as a vehicle to validate the cell-competition
algorithm quantitatively. The clinical US images, on the
other hand, are used to test the proposed algorithm under
a real image condition, including various tissues, speck-
les, artifacts and so on.

To corroborate the abilities of the cell-competition
algorithm in detecting multiple targets surrounded by
sporadic spots, several synthetic images corrupted by
simulated speckles with various CNRs have been used in
this study. As shown in Fig. 6a, the raw synthetic image

  (a)                               (b) 

  (c)                               (d) 

Large lesion 

Small lesion Elongated lesion

noises

noises

Fig. 6. (a) The raw synthetic image defining the tissue structure
for all synthetic images; (b) a synthetic image with CNR � 2.7; (c)
speckle-free version of (b); (d) ideal boundaries of lesions in (c).
defining the tissue structure for all synthetic images is
designed to simulate three lesions surrounded by spo-
radic spots, including one large lesion with a winding
boundary, one small lesion with a relatively smooth
boundary and one elongated lesion. The sporadic spots in
the interiors of the large and small lesions and in the
vicinity of the large lesion have been devised to form
hindrances of deformation for conventional parametric
deformable models. The sporadic spots may be noise,
artifacts or tissues.

The speckle on each synthetic image is simulated by
the speckle-simulation approach used by Li and
O’Donnell (1994). The fully-developed speckle with a
specified CNR is generated on each raw synthetic image
followed by a nonlinear log-compression simulating a
displayed US image. The speckle is modeled as a random
walk in the complex plane, each step of which represents
a signal received by the transducer from a scatter in the
resolution volume. The real and imaginary parts of the
summed signal are assumed to be Gaussian-distributed.
The amplitude of the summed signal is, therefore, Ray-
leigh-distributed. The scanner simulated is a 128-element
linear array and the interelement space is set to 0.25 mm.
The central frequency and the band width of the scanner
are set to 3 MHz and 1 MHz, respectively. The envelope
shape of the axial response (i.e., the response along the
vertical axis of a synthetic image) is assumed to be
Gaussian. The lateral response is the Fourier transform of
the aperture function assuming a continuous-wave
model. It is assumed that the point spread function of the
scanner is spatially invariant.

All three lesions in the raw synthetic image are
assumed to have the same grey levels. The sporadic spots
inside the large and small lesions have the same grey
level as the background tissue, denoted as gb and those
outside the lesions have the same grey level as the
lesions, denoted as gf. Let �f and �b stand for the SDs of
the speckles in the flat areas of the lesions and the
background tissues in a synthetic image, respectively.
The sporadic spots and the vicinity of lesion boundaries
are excluded when estimating �f and �b. The CNR of a
synthetic image is defined as:

CNR � �gf � gb�
max ��f, �b� . (7)

Figure 6b shows a synthetic image with CNR 	 2.7.
All quantitative performance analyses are rooted on the
unsmoothed boundaries originally derived by the cell-
competition algorithm to exclude the smoothing effect
resulted from spline interpolation. Performance evalua-
tion of the proposed cell-competition algorithm on the
synthetic images is based on a modified version of the
distance metric between the derived boundary and the

ideal boundary used in Chalana et al. (1996). Suppose
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curves A and B are two boundaries with NA and NB

points, respectively. Let A � {a1, a2,. . . . . .,aNA
}and B �

{b1, b2,. . . . . .,bNB
}, where ai and bj are ordered pairs of

the x and y coordinates of the ith and jth point in curves
A and B, respectively. The distance between curves A
and B is defined as:

e�A, B� �
1

2 	 1

NA
�

i�1

NA

d�ai, B� �
1

NB
�
j�1

NB

d�bj, A�
,

(8)

where d(ai,B) � minj�bj � ai� and d(bj,A) � mini�aj �
bi�. The distance between the derived boundary and the
ideal boundary may be called “error distance” because
the ideal boundary is considered to be the true one. Note
that only the boundaries of three simulated lesions are
taken into account in calculating the error distances.

Conceptually, it is a natural choice to use the lesion
boundaries in the raw synthetic images as the ideal
boundaries. Nevertheless, in practice, the nonlinear blur-
ring effect inherent in speckle generation has made the
observable lesion boundaries deviate from the ones in the
raw synthetic images. The nonlinear blurring effect re-
sults from the point spread function of the scanner,
logarithmic transformation and the contrast adjustment
used to generate the synthetic images of different CNRs.
Figure 6c demonstrates a speckle-free version of the
synthetic image, which is generated as a synthetic image,
but without adding Rayleigh-distributed random noise.
Comparing Fig. 6a and c, one may find that the nonlinear
blurring effect in Fig. 6c has made the observable lesion
boundaries deviate from those in Fig. 6a. In this study,
the lesion boundaries in the speckle-free synthetic image,
instead of those in the raw synthetic image, are used as
the ideal boundaries for the following two reasons. First,
the lesion boundaries in the speckle-free synthetic image
are more consistent with the boundaries identified by
human perception from the synthetic images with speck-
les because human perception has no way to correct this
type of nonlinear blurring effect. Second, removing non-
linear blurring effect is a restoration problem and is
usually beyond the scope of a segmentation approach.
The ideal lesion boundaries are derived by applying the
well-known canny edge detector to the speckle-free syn-
thetic images. Figure 6d illustrates the ideal boundaries
of the lesions in Fig. 6c.

Unlike the synthetic images, evaluation of the clin-
ical US images suffers a lack of ideal boundaries for the
objects of interest because the boundaries identified by
different sonologists for the same object of interest are
usually different, especially for one with a low CNR. The
clinical US images used in this study are breast sono-

grams with either benign or malignant lesions. All im-
ages were directly stored (using the system built-in func-
tion) from an HDI 3000 US imaging system (Advanced
Technological Laboratory, Bothell, WA, USA),
equipped with a broadband L10-5 linear electronically
focused transducer with cine-loop capability. To take
into account the potential variation in boundary identifi-
cation among different sonologists, the boundary of each
lesion has been delineated by four graduate students,
which yielded four different boundaries for each breast
lesion. Each of these four graduate students drew the
lesion boundaries under the guidance of an experienced
sonologist. The validity of every manually delineated
boundary was confirmed by the supervising sonologist.
Different graduate students were supervised by different
sonologists.

To assess the robustness of the cell-competition
algorithm, for each image, three different thresholds, T2,
are used, the �s of which are set to 1.0, 1.2 and 1.4, to
generate different sizes of cells in the second pass of
watershed transform. These three thresholds are chosen
because a � less than 1.0 might occasionally remove
desirable weak edges mistakenly and a � larger than 1.5
tends to yield too many cells. Furthermore, for each �,
five ROIs enclosing the objects of interest are generated
randomly for each breast US image, resulting in five sets
of derived lesion boundaries. Without loss of generality,
the set of lesion boundaries derived with the ith ROI for
all breast sonograms is called the ith set of lesion bound-
aries.

Performance analysis of the cell-competition algo-
rithm on clinical US images is based on the three assess-
ments used in Chalana et al. (1996). The first assessment
is to compare computer-generated boundaries (i.e., the
lesion boundaries derived by the cell-competition algo-
rithm) to each of the manually delineated boundaries.
The purpose is to see if the distance between a computer-
generated boundary and a manually delineated boundary
is less than the maximum interobserver distance. Let Oqi,
1 � i � 4 denote the ith manually delineated boundary
and Cq the computer-generated boundary on image q.
The maximum interobserver distance for observer i on
image q is defined as:

rqi � max
j

{e�Oqi, Oqi�j � i}, (9)

which gives the upper limit of the distance between Cq

and Oqi. The statistic used to test if the distance
between the computer-generated boundaries and the
corresponding manually delineated boundaries by ob-
server i is less than the maximum interobserver dis-

tance is defined as:
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ki �
1

NI
�
q�1

NI

�e�Cq, Oqi� � rqi�. (10)

The 95% confidence interval is computed for ki to check
if the upper limit of the confidence interval is less than
zero.

For each �, the second assessment is to test if there
is significant difference among the five sets of lesion
boundaries with respect to the average manually delin-
eated boundaries. More specifically, let Cqi and Oq de-
note the computer-generated boundary using the ith ROI
and the average manually delineated boundary on image
q, respectively. Let Si � {e(Cqi,Oq)@q}, 1 � i � 5
denote the set of distances between the ith set of com-
puter-generated boundaries and the corresponding aver-
age manually delineated boundaries. The second assess-
ment uses Friedman test for related samples (Daniel
1978) to test if there is a statistically significant differ-
ence among Si, 1 � i � 5. The third assessment is to test
the correlation between the areas enclosed by each set of
computer-generated boundaries and those enclosed by
the average manually delineated boundaries. The corre-
lation statistic used in this assessment is Pearson’s cor-
relation.

To compare the performance of the cell-competition
algorithm with the classic region-competition algorithm
(Zhu and Yuille 1996), the region-competition algorithm
is implemented and applied to both the synthetic images
and the clinical US images. The energy function of the
region-competition algorithm is defined as:

E��,��i� � ���ds

� �R ��
i�1

M

�i�x, y� · log P�I(x,y)��i� dxdy � �M, (11)

where 
 denotes the entire boundary, M the number of
regions, �i the parameters of the ith region, �i(x,y) the
proportion of the circle centered at pixel (x,y) in the ith
region, � the code length for unit arc length and � the
code length for describing the distribution and code
system, which is assumed to be the same for all regions.

Because the performance of the region-competition
algorithm varies with the settings of the parameters in the
energy function, for a more strict comparison, we try
different parameter settings and adopt the best perfor-
mances as the basis of performance comparison. The best
result for an image is the one with a reasonable boundary
and the fewest number of regions among the results of
different trials. To capture all prominent components in
an ROI, the initial seeds for each image are defined as 5
� 5 nonoverlapping squares covering the entire ROI. To

evaluate the performance of the region-competition al-
gorithm, the first and the third assessments are carried
out as for the cell-competition algorithm. The second
assessment is not applicable because only one set of
lesion boundaries is generated by using the region-com-
petition algorithm.

In addition to the quantitative statistics measuring
the similarity between the derived and the desired bound-
aries, another important measure to be reported, which
may be considered as an index of practicality, is the
number of regions constituting the lesion boundaries.
Although the basic idea of this study was to decompose
the ROI into multiple regions and extract the object
boundaries by composing the region boundaries, it is
very crucial to have the regions forming the object
boundaries to be as few as possible. Otherwise, the
advantage of using computers to identify object bound-
aries would be totally lost.

IMPLEMENTATION RESULTS AND
DISCUSSION

A total of 13 synthetic images with CNR{1.1, 1.2,
1.7, 2.2, 2.7, 3.5, 4.6, 5.7, 6.7, 7.8, 8.6, 9.1, 10.1},
respectively, were used to evaluate the performance of
the cell-competition algorithm and region-competition
algorithm quantitatively. For the cell-competition algo-
rithm, � was set to 1.2 for all synthetic images. For the
region-competition algorithm, the best result among sev-
eral tries with different parameter settings in energy
function was used for each synthetic image.

To illustrate the entire process of the cell-competi-
tion algorithm, taking the synthetic image given in Fig.
6b as an example, Fig. 7 shows the outputs of six
intermediate steps, the final result of the cell-competition
algorithm and the smoothed version of the derived
boundaries. The rectangle in each image of Fig. 7 defines
the ROI for the entire process. The outputs of the four
steps involved in the cell-generation stage are given in
Fig. 7a–d, corresponding to the Gaussian-smoothed im-
age, the edge-strength map, the first-pass and second-
pass watershed transformations, respectively. The homo-
geneous areas enclosed by the watersheds determined in
the first-pass and second-pass watershed transformations
are referred to as the elementary cells and cells, respec-
tively, in the beginning of the cell-competition algo-
rithm.

Figure 7e shows the result of the first-time termina-
tion of the cell-competition process. After that, a reini-
tialization process is carried out by redefining the current
cells as the elementary cells and the current regions as
cells. The result of the first reinitialization process is
given in Fig. 7f, which clearly shows the advantage of
the reinitialization process (i.e., more regions have been

further merged and the major boundaries remain). By
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iterating the cell-competition process and reinitialization
process, the cell-competition algorithm converges when

(a)                         (b) 

(c)                         (d) 

(e)                         (f) 

(g)                         (h) 

Fig. 7. Illustration of the cell-competition algorithm: (a) Gaus-
sian-smoothed image; (b) edge-strength map; (c) first-pass wa-
tershed transformation; (d) second-pass watershed transforma-
tion; (e) result of first-time termination of cell-competition
process; (f) result of first reinitialization process; (g) result of
cell-competition algorithm; and (h) smoothed version of de-

rived boundaries by using spline interpolation.
no more splitting or merging can be made through a cell
competition, the result of which is provided in Fig. 7g.
The zigzag nature of the derived boundaries is obvious in
Fig. 7g because no smoothness constraint has been im-
posed on the cell-competition algorithm. As an optional
step, Fig. 7h shows the smoothed version of the derived
boundaries by using the spline interpolation. It is clear
that the sporadic spots around the lesions do not cause
any problem for finding the lesion boundaries because of
the capability of topological adaptation of the cell-com-
petition algorithm.

The performances of the cell-competition algorithm
and region-competition algorithm on the 13 synthetic
images are summarized in Fig. 8, in which the rectangu-
lar bars and the error bars indicate the means and SDs of
the error distances (i.e., the distances between the de-
rived boundaries and the ideal boundaries, respectively)
for each image. Figure 8 shows that, for the synthetic
images, there is no significant difference between the
performances of both algorithms in terms of the error
distances. The p value of the two-tail paired-sample t-test
on the 13 pairs of mean error distances achieved by both
algorithms is 0.37 (� 0.05). The error distance tends to
be smaller as the CNR increases for both algorithms. The
average mean error distances between the derived
boundaries and the ideal boundaries are 0.73 � 0.24 and
0.79 � 0.26 pixels for the cell-competition algorithm and
the region-competition algorithm, respectively.

For all synthetic images, the cell-competition algo-
rithm has been able to acquire the boundary of each
object of interest with one region only. On the other
hand, the number of regions achieved by the region-
competition algorithm is about 1.6 � 0.8 regions per
object of interest. The superior performances on the
synthetic images suggest that the cell-competition algo-
rithm be not only robust to the speckle noise, but also
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Fig. 8. Performances of cell-competition and region-competi-
tion algorithms on the 13 synthetic images; rectangular bars �
means; error bars � SDs of the error distances (i.e., distances
between derived boundaries and ideal boundaries, respectively,
for each image).
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capable of attaining reasonably accurate boundaries for
multiple objects of interest simultaneously. Moreover,
for all simulated synthetic images, the cell-competition
algorithm is able to extract the object boundaries with a
much fewer number of regions than the region-competi-

(a)

(b)

(c)

Boundary not captured

Fig. 9. (a) Ideal boundaries; (b) boundary derived by cell-
competition algorithm; (c) boundary derived by region-compe-

tition algorithm for the synthetic image with CNR � 1.2.
tion algorithm.
To visually evaluate the boundaries derived by both
algorithms, as an example, Fig. 9a–c presents the ideal
boundaries, the boundaries derived by the cell-competi-
tion algorithm and the region-competition algorithm, re-
spectively, for the synthetic image with CNR � 1.2. The
error distances for this case are 1.04 � 0.93 and 0.90 �
0.85 for the cell-competition algorithm and the region-
competition algorithm, respectively. Although the cell-
competition algorithm has a slightly larger error distance,
the region-competition algorithm does not capture the
boundary of a sporadic spot, as indicated in Fig. 9c. If
this sporadic spot happens to be an object of interest, it
would be a deficiency for the region-competition algo-
rithm. This fact is not reflected in the error distance
because of its definition.

A total of 71 breast sonograms, each with one or
two breast lesions, have been used to validate the per-
formance of the cell-competition algorithm. For the cell-
competition algorithm, the threshold T2 � �e � ��e is a
crucial factor for decomposing the objects of interest into
as few regions as possible while preserving the desirable
weak edges. Empirically, reasonable performances may
be achieved with 1 � � � 1.5. However, the larger the
� is, the more regions the objects of interest tend to be
composed of. To investigate the effect of �, three �s
were considered; namely, 1.0, 1.2 and 1.4. For the 71
breast sonograms, when � � 1.0, 1.2 and 1.4, the num-
bers of regions achieved by the cell-competition algo-
rithm were 1.7 � 0.8, 1.9 � 1.2 and 2.1 � 1.2 regions
per lesion.

The first assessment is to examine if the distance
between a computer-generated boundary and a manually
delineated boundary is less than the maximum interob-
server distance. For each image, 15 boundaries have
been generated by the cell-competition algorithm, result-
ing from three thresholds, each with five ROIs. As an
example, Table 1 shows mean computer-to-observer dis-
tances vs. mean maximum interobserver distances over
71 breast sonograms with respect to each observer for the
first set of lesion boundaries derived with � � 1.0. Recall

Table 1. The mean computer-to-observer distances vs. mean
maximum interobserver distances over 71 breast sonograms

(all distances in pixels) achieved by the cell competition
algorithm using � � 1.0 and the first set of ROIs.

Observer CO IO CO-IO 95% CI P (%)

1 2.76 3.76 �1.00 (�1.37, �0.62) 81.70
2 2.55 3.77 �1.21 (�2.07, �0.36) 81.70
3 2.45 3.97 �1.52 (�2.48, �0.56) 74.60
4 3.12 4.11 �0.99 (�1.50, �0.49) 71.80

CO � mean computer-to-observer distance; IO � mean maximum

interobserver distance; P � percentages of cases within the interob-
server range.
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that, given �, the first set of lesion boundaries are derived
using the first ROI for each image. In Table 1, CO
denotes the mean distance between the computer-gener-
ated boundaries and the boundaries delineated by each
observer i, 1 � i � 4, which is equal to:

1

NI
�
q�1

NI

e�Cq, Qqi�. (12)

IO represents the mean maximum interobserver distance
for each observer i, 1 � i � 4, which is equivalent to:

1

NI
�
q�1

NI

rqi (13)

Then, CO-IO is equal to ki as defined in eqn (10). P
stands for the percentages of cases within the interob-
server range (i.e., the cases satisfying e(Cq,Oqi)  rqi.

Table 1 shows that, for the first set of lesion bound-
aries with � � 1.0, not only the lower limits but also the
upper limits of the 95% confidence intervals are less than
zero for all observers. As a matter of fact, it is also true
for all other 14 sets of lesion boundaries derived with
different ROIs or different thresholds. That is, for most
cases, the distances between the boundaries generated by
the cell-competition algorithm and the manually delin-
eated boundaries are less than the maximum interob-
server distances. The actual percentages of cases satis-
fying this condition (i.e., e(Cq,Oqi)  rqi are revealed by
the statistic P). Table 2 summarizes the means and SDs
of the statistic P with respect to each observer i for the
five sets of lesion boundaries derived by the cell-compe-
tition algorithm when � � 1.0, 1.2 and 1.4. It is clear
from Table 2 that, for each �, the cell-competition algo-
rithm is able to attain the lesion boundaries in such a way
that, for more than 70% of images, the distances between
the derived boundaries and the manually delineated
boundaries are within the interobserver ranges. Among �
� 1.0, 1.2 and 1.4, the performances for � � 1.0 seem to
be slightly worse than those for the other two in terms of
the statistic P. This phenomenon may be imputed to the
fact that, in the second pass of watershed transform, the

Table 2. The means and SDs of the statistic P with respect to
each observer i for the five sets of lesion boundaries derived
by the cell-competition algorithm when � � 1.0, 1.2 and 1.4

Observer � � 1.0, % � � 1.2, % � � 1.4, %

1 (80.58 � 1.83) (81.89 � 1.17) (81.98 � 1.17)
2 (81.14 � 1.25) (84.50 � 0.99) (81.70 � 0.99)
3 (74.32 � 0.63) (81.14 � 0.77) (80.02 � 0.63)
4 (72.12 � 1.17) (76.64 � 1.29) (75.50 � 0.82)
desirable weak edges are more likely to be eliminated
mistakenly by using � � 1.0 than by using the other two,
which potentially leads to a larger deviation from the
desired boundary.

The second assessment is to evaluate the robustness of
the cell-competition algorithm to the variation of ROIs. For
each � the five sets of distances between the five sets of
lesion boundaries and the average manually delineated
boundaries, denoted by Si � {e(Cqi,Oq)|@q}, 1 � i � 5, are
computed. The Friedman test for related samples (Daniel
1978) is used to test the null hypothesis that there is no
significant difference among Si, 1 � i � 5, for each �. The
p values of the three Friedman tests are 0.855, 0.638 and
0.605 for � � 1.0, 1.2 and 1.4, respectively, which suggests
that the null hypothesis is true and there is no significant
difference among Si, 1 � i � 5, for each �.

The third assessment is to test the correlation of the
lesion sizes defined by the cell-competition algorithm
and by the average manually delineated boundaries using
Pearson’s correlation. The lesion size is the number of
pixels within the lesion boundary. Overall speaking, the
Pearson’s correlation coefficients for � � 1.0, 1.2 and
1.4 are 0.986 � 0.001, 0.972 � 0.001 and 0.982 �
0.003, respectively. Clearly, the lesion sizes derived by
the cell-competition algorithm are highly correlated with
those defined by the average manually delineated bound-
aries.

All three assessments validate that the lesion bound-
aries derived by the cell-competition algorithm are com-
parable to the manually delineated boundaries when � �
1.0, 1.2 and 1.4. In practical implementation, a small �
(e.g., � � 1.0) is suggested to be used first if no apparent
weak edges exist in the lesion boundary, which tends to
result in a smaller number of regions per lesion. How-
ever, a more conservative choice of � would be � � 1.2,
which gives the number of regions per lesion less than
three for most cases, but with a higher probability to have
the distance between the computer-generated boundary
and the manually delineated boundary less than the max-
imum interobserver distances.

To demonstrate the boundaries derived by the cell-
competition algorithm, Fig 10 shows four clips of orig-
inal breast sonograms, in which Fig. 10a contains two
benign breast lesions, Fig. 10b one benign breast lesion
and Fig. 10c and d each one malignant breast lesion. The
boundaries of the malignant lesions are obviously less
well-defined and more irregular than those of the benign
lesions. The �s used for these four images were all set to
1.2. The numbers of regions per lesion achieved by the
cell-competition algorithm for Fig. 10a–d are 1, 3, 2 and
3, respectively. The derived boundaries are given in Fig.
11. The distances between these four boundaries and the
manually delineated boundaries are all less than the
maximum interobserver distances. Not only have the

boundaries of the two connected lesions in Fig. 10a been
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detected simultaneously, but also the thin septum be-
tween the two benign lesions has been successfully cap-
tured, as presented in Fig. 11a. Moreover, the weak
edges in Fig. 10b and irregular boundaries of the malig-
nant lesions in Fig. 10c and d have been reasonably
identified, as illustrated in Fig. 11b–d.

In comparison with the region-competition algo-
rithm, Table 3 shows the result of the first assessment
based on the best performance achievable by the region-
competition algorithm. The best result has been at-

(a)                           (b) 

(c)                          (d) 

Fig. 10. Original breast sonograms: (a) two connected benign
breast lesions with a thin septum; (b) benign breast lesion with
weak edges and prominent components; (c) malignant breast
lesion with ill-defined and irregular boundary; and (d) malig-

nant breast lesion with ill-defined and irregular boundary.

(a) (b)

(c)                          (d) 

Fig. 11. Final boundaries derived by cell-competition algorithm
for four breast sonograms in Fig. 10, for which the �s have all
been set to 1.2.
tempted by trying various �s and �s, as defined in eqn
(11). The performance shown in Table 3 is clearly worse
than the performance of the cell-competition algorithm,
in that the upper limits of four 95% confidence intervals
are all greater than zero and the statistic Ps are substan-
tially smaller than those achieved by the cell-competition
algorithm for all observers.

For the third assessment, the Pearson’s correlation
coefficient between the lesion sizes derived by the re-
gion-competition algorithm and defined by the average
manually delineated boundaries is 0.975, which is com-
parable to those achieved by the cell-competition algo-
rithm. However, this high correlation has been derived at
the cost of a large number of regions per lesion, which is,
on average, 4.4 � 3.9 for all 71 breast sonograms.

Figure 12 shows the boundaries derived by the
region-competition algorithm for the four clips of US
images given in Fig. 10. These boundaries are obviously
more zigzag than those derived by the cell-competition

(b) (b)

(c)                          (d) 

Fig. 12. Final boundaries derived by region-competition algo-
rithm for four breast sonograms in Fig. 10, for which the �s

Table 3. The mean computer-to-observer distances vs. mean
maximum interobserver distances over 71 breast sonograms
(all distances in pixels) achieved by the region-competition

algorithm

Observer CO IO CO-IO 95% CI P (%)

1 3.56 3.76 �0.20 (�0.93, 0.52) 64.80
2 3.41 3.77 �0.36 (�1.43, 0.72) 63.40
3 3.11 3.97 �0.86 (�2.05, 0.34) 67.60
4 4.05 4.11 �0.07 (�0.81, 0.68) 60.60

CO � mean computer-to-observer distance; IO � mean maximum
interobserver distance; and P � percentages of cases within the inter-
observer range.
have been set to 6, 4, 4 and 4, respectively.
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algorithm. It is because the parameter � in eqn (11)
cannot be too large for Fig. 12b–d, which may be con-
sidered as the weighting factor of the total boundary
length. If � is large, merging of regions would be en-
couraged in the region-competition process, which
would make it difficult to preserve the desirable weak
edges. For Fig. 12a–d, �s have been set to 6, 4, 4 and 4,
respectively, and the numbers of regions constituting the
lesion boundaries are 1, 8, 21 and 15 regions per lesion,
respectively.

CONCLUSIONS

Automatic boundary detection in an US image is a
very difficult task in general. Rather than aiming to
detect the entire object boundary of interest at a time, we
suggest attaining the desired boundary by partitioning
the object of interest into as few regions as possible.
Then, the regions forming the object boundary may be
further selected manually with a few clicks or automat-
ically with a simple search scheme. Based on this idea, a
new multiple-region segmentation approach, called cell-
competition algorithm, is proposed in this paper, that is
capable of detecting boundaries of multiple objects of
interest simultaneously. The unique features of the pro-
posed algorithm are twofold. One is simultaneous cell-
based region deformation and the other is cell competi-
tion. The former not only endows the proposed algorithm
with the natural capability of topological adaptation, but
also promises better boundary identification by searching
the optimum solution among the local minima defined by
different combination of cell boundaries. The latter of-
fers a statistical optimization mechanism to allow each
region to have many chances to decide if a cell should be
included, which greatly relaxes the final results from
dependence on the time that the region boundary reaches
the desired boundary.

The performance of the proposed cell-competition
algorithm has been validated by two types of images.
The first type of images includes 13 synthetic images of
different CNRs with irregular object boundaries and spo-
radic spots. The second type of images comprises 71
breast sonograms with one or two benign or malignant
lesions. For the synthetic images, the average mean error
distances between the derived boundaries and the ideal
boundaries are 0.73 � 0.24 pixels. The error distance
tends to be smaller as the CNR increases for the cell-
competition algorithm. The average number of regions
per lesion is one for the synthetic images.

Three assessments used in Chalana et al. (1996)
have been carried out for validation on the clinical US
images. The results of the first assessment show that the
cell-competition algorithm is capable of achieving, for

more than 70% of images, distances between the derived
boundaries and the manually delineated boundaries that
are within the interobserver ranges. The second assess-
ment justifies that the cell-competition algorithm is ro-
bust to the variation of ROIs by showing that there is no
significant difference among the five sets of distances
between the five sets of lesion boundaries and the aver-
age manually delineated boundaries using the Friedman
test for each �. The third assessment confirms that the
lesion sizes derived by the cell-competition algorithms
are highly correlated with those defined by the average
manually delineated boundaries for � � 1.0, 1.2 and 1.4.
All three assessments support that the cell-competition
algorithm may achieve reasonable performances if the �
in T2 is set to 1.0, 1.2 or 1.4.

In comparison with the region-competition algo-
rithm, there is no significant difference between both
algorithms for the synthetic images in terms of the error
distances. However, the average number of regions per
lesion is 1.6 � 0.8 for the region-competition algorithm,
which is significantly higher than that for the cell-com-
petition algorithm. For clinical US images, the results of
the first assessment for the region-competition algorithm
are substantially worse than those for the cell-competi-
tion algorithm. It is because the upper limits of the 95%
confidence intervals are all greater than zero for the
region-competition algorithm. Moreover, the statistic Ps
of the region-competition algorithm are significantly less
than those of the cell-competition algorithm. For the
third assessment, both algorithms have comparable Pear-
son’s correlation coefficients. However, the region-com-
petition algorithm has a much higher number of regions
per lesion than the cell-competition algorithm.
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