
138 IEEE TRANSACTIONS ON INFORMATION TECHNOLOGY IN BIOMEDICINE, VOL. 15, NO. 1, JANUARY 2011

Phase-Based Level Set Segmentation of
Ultrasound Images
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Abstract—Ultrasonic image segmentation is a difficult problem
due to speckle noise, low contrast, and local changes of intensity.
Intensity-based methods do not perform particularly well on ul-
trasound images. However, it has been previously shown that these
images respond well to local phase-based methods which are the-
oretically intensity invariant. Here, we use level set propagation
to capture the left ventricle boundaries. The proposed approach
uses a new speed term based on local phase and local orientation
derived from the monogenic signal, which makes the algorithm ro-
bust to attenuation artifact. Furthermore, we use Cauchy kernels,
as a better alternative to the commonly used log-Gabor, as pair of
quadrature filters for the feature extraction. Results on synthetic
and natural data show that the proposed method can robustly han-
dle noise, and captures well the low contrast boundaries.

Index Terms—Echocardiography, level set, local phase, mono-
genic signal, segmentation.

I. INTRODUCTION

U LTRASOUND imaging is an exploration technique com-
monly used in many diagnostic and therapeutic applica-

tions. It has many advantages: it is noninvasive, provides images
in real time, and requires lightweight material. However, ultra-
sound B-scan images are known to have low signal-to-noise
ratio, low contrast, and high amounts of speckle [1]. This im-
age texture, or speckle, is a correlated and multiplicative noise
that inherently occurs in all types of coherent imaging systems.
Hence, it makes modeling difficult as its statistics depend on the
density and on the type of scatterers in the tissues [1]–[6]. All
these characteristics make segmentation difficult, and therefore,
complicate the diagnosis task.

A correct segmentation of structures is crucial in many med-
ical applications. In clinical practice, the quantification of these
structures is generally performed by manual tracing, which is
a time consuming and by the application of geometrical as-
sumptions that could introduce measurement errors in presence
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of pathologies. Hence, reliable, rapid, accurate, and automatic
or semiautomatic methods of structures extraction are required.
Fully automatic segmentation of ultrasound images still remains
a challenging topic [7].

Several approaches have been reported in the literature for
automated or semiautomated border detection from ultrasound
images. For instance, statistical models, arguing that these were
more appropriate because of the significant noise and miss-
ing boundaries of ultrasound images, have been extensively
used [7], [8]. For this reason, several probability density func-
tions were used to model image gray levels statistics [9]–[18].
Probably, all exiting modeling paradigms and segmentation ap-
proaches have been tried on ultrasound data. A comprehensive
recent survey is given in Noble and Boukerroui [7]. Recent
works suggests that there is an increase of interest on statistical
modeling of both uncompressed and compressed envelope of the
backscattered signal, [8], and their use in level set segmentation
algorithm [14], [16], [19]–[21]. Shape and time information are
also of a great interest in a number of applications [16].

In this study, we refer to echocardiographic data. It is known
that echocardiography has been one of the driving application
areas of medical ultrasound and the literature on methods for
automatically segmenting and tracking the left ventricle is ex-
tensive. As it has been pointed in [7], the most popular approach
has been to treat echocardiographic endocardial segmentation
as a contour finding approach. This is not straightforward as the
contrast around the left ventricle chamber boundaries varies,
depending on its relative orientation to the transducer direction,
and to attenuation. Thus, conventional intensity gradient-based
methods have had limited success on typical clinical images.
To avoid this drawback, phase-based approach offers a good
alternative, since it makes the approach robust to attenuation ar-
tifacts. It is within this framework that we propose an alternative
in this paper.

A model of feature perception called the local energy model
has been developed by Morrone et al. [22], [23]. This model
postulates that features are perceived at points in an image,
where the Fourier components are maximally in phase. A wide
range of feature types give rise to points of high-phase congru-
ency. These include step edges, line and roof edges, and Mach
bands. It has been shown that this model successfully explains a
number of psychophysical effects in human feature perception.
Other important work on this model of feature perception can be
found in [24]. Mulet-Parada and Noble [25], [26] were the first
to successfully use the local phase information for boundary
detection on echocardiographic images.

Some phase-based level set methods on segmentation
[27]–[29], image enhancement [30], and registration [31], [32]
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on medical applications can be found in the literature. There
is also a great increase of AM–FM methods and their use in
medical applications [33], [34]. Also, phase information has
been used in numerous applications, such as segmentation [35],
wavelets [36] and AM–FM [35], [37], [38] image analysis,
stereo matching [39], [40], optical flow [41], denoising [42], and
corner and edge detection [24], [43]–[46]. Phase-based process-
ing has attracted a lot of attention in image analysis, but probably
not still enough in ultrasound image segmentation [7].

This paper concerns the development of a novel segmentation
method of the left ventricle within the level set framework.
This uses local phase information derived from the monogenic
signal, which is a multidimensional extension of the analytic
signal [44]–[46]. Our idea is to use a novel speed function,
which combines the local phase and local orientation in order to
detect boundaries in low contrast regions. A preliminary results
of this work appeared in [47].

In the next section, we describe the extraction of local prop-
erties (phase, orientation, and amplitude) from 1-D and 2-D
signals. The proposed segmentation method is presented in
Section III. Section IV shows qualitative and quantitative ex-
perimental results on both synthetic and natural data. Section V
provides a discussion followed by some concluding remarks in
Section VI.

II. BACKGROUND

Openheimer and Lim [48] showed that when using two syn-
thetic images, one of them containing only the phase information
while setting its amplitude information to unity, and the other
containing only the amplitude information while the phase is set
to zero, only the image containing the phase is visible, although
deteriorated. The image containing amplitude information is
completely indiscernible. The information carried by the phase
of a picture appears to be much more significant than the in-
formation carried by its amplitude. Indeed, the phase informs
us about the location and orientation of image features, while
the amplitude provides only information on their intensity. One
of the popular methods to estimate local signal information is
based on the analytic representation of the signal. Details for
1-D and n-D signals are given in the subsequent sections.

A. Monogenic Signal

To extract the local properties (amplitude and phase) of a 1-
D signal f(x), we need to represent it in its analytic form as
presented in [49, Ch. 4]

fA (x) = f(x) − ifH(x)

where i =
√
−1 and fH(x) is the Hilbert transform of f(x).

The local amplitude (energy) and local phase of f(x) are given
by

A(x) = ‖fA (x)‖ =
√

f 2(x) + f 2
H(x),

ϕ(x) = atan2(fH(x), f(x)).

Recently, Felsberg and Sommer [45], [46], proposed a novel
n-D generalization of the analytic signal based on the Riesz

transform, which is used instead of the Hilbert transform. Also,
they proposed a 2-D isotropic analytic signal, called mono-
genic signal. This representation preserves the core properties
of the 1-D analytic signal that decomposes a signal into informa-
tion about structure (local phase) and energy (local amplitude).
Felsberg and Sommer introduced the following filters in the
frequency domain [44]:

H1(u1 , u2) = i
u1√

u2
1 + u2

2

H2(u1 , u2) = i
u2√

u2
1 + u2

2

.

The spatial representation of the earlier filters is given by

h1(x1 , x2) =
−x1

2π(x2
1 + x2

2)3/2

h2(x1 , x2) =
−x2

2π(x2
1 + x2

2)3/2 .

The monogenic signal fM is then defined as a 3-D vec-
tor formed by the signal f(x1 , x2) with its Riesz transform
fR = (h ∗ f)(x1 , x2), with h = (h1 , h2), by

fM (x1 , x2) = (f,h ∗ f)(x1 , x2) (1)

= (f, fR)(x1 , x2). (2)

In the n-D case, the local phase is associated to a given local
orientation due to the fact that structural information is related
to a given orientation. The concept of local phase vector is
proposed by Felsberg and Sommer [45], [46] and is defined by

Φ = ϕ · r (3)

Φ = atan

(
‖fR‖

f

)
fR
‖fR‖

(4)

where atan(·) ∈ [0, π]. The monogenic phase Φ (local phase
vector), is similar to the product of 1-D local phase ϕ, multi-
plied by the orientation vector r, if the underlying signal is i1-D
(intrinsically 1-D signals). The defined local phase vector can be
interpreted as a rotation vector, which magnitude corresponds
to the phase angle between the real signal and the monogenic
signal, (see Fig. 1). In contrast to the 1-D case, the phase now in-
cludes additional geometric information. The monogenic phase
completely characterizes the local gray-level transition of an
image (i.e., local structure) as long as the image is locally i1-D,
given that the phase has been defined with respect to a given
orientation. The phase vector orientation r represents the lo-
cal orientation of the image and is defined by the following
relation [44]:

θ = atan

(
h2 ∗ f

h1 ∗ f

)
. (5)

B. Quadrature Filters

In practical applications, the local properties are estimated
using a pair of bandpass quadrature filters. Indeed, the detection
of local properties by the monogenic signal assumes that the
signal consists of few frequencies that is bandlimited. A real
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Fig. 1. Monogenic phase represented by means of a rotation vector. The
amplitude of the rotation vector is the angle between the real and the monogenic
signals. The rotation vector is orthogonal to the plane spanned by the real-signal
axis and fR.

Fig. 2. 2-D Cauchy kernels in Fourier domain for a certain parameter s > 0.
From left to right: isotropic even, and the pair of odd filters.

image consist of a wide range of frequencies, therefore a set
of bandpass filters needs to be combined with the monogenic
signal. Equations (1) and (2) become

fM (x1 , x2 ; s) = (c ∗ f, c ∗ h ∗ f)(x1 , x2) (6)

= (c ∗ f, c ∗ fR)(x1 , x2) (7)

where c(x1 , x2 ; s) is the spatial domain representation of an
isotropic bandpass filter and s > 0 is a scaling parameter. Thus,
the monogenic signal can be represented by a scalar-valued even
and vector-valued odd filtered responses, with the following
simple tick:

even = c ∗ f

odd = (c ∗ h1 ∗ f, c ∗ h2 ∗ f).

Several families of quadrature pairs have been proposed and
applied in the literature. Most authors have not provided a rea-
sonable justification for the use of a particular family apart
from simplicity of use or the satisfaction of the zero dc condi-
tion. In [50], [51], Boukerroui et al. compare several 1-D pairs
of quadrature filters and concluded that log-Gabor kernels are
probably not a very good choice in the case of feature detec-
tion. They showed that Cauchy family has better properties (see
Fig. 2). In the frequency domain, a 2-D isotropic Cauchy kernel

is defined by

C(u) = nc |u|a exp(−s|u|), a ≥ 1 (8)

where u = (u1 , u2), s is a scaling parameter, and a/s is the peak
tuning frequency of the filter. nc is a normalization constant,
see [50], [51] for more details.

In this paper, a Cauchy kernel is used as a bandpass fil-
ter. Interestingly, Cauchy filter could be seen as the ath spatial
derivative of the Poisson filter,1 given in the frequency domain
by

P (u) = exp(−2π|u|s)

introduced in [46]. The authors have proved that the Poisson
kernel establishes a linear and isotropic scale space: the Poisson
scale space. The main property of this new scale space is its close
relation to the monogenic signal. Hence, local phase and local
amplitude, becomes inherent features of scale-space theory.

C. Edge Detection Measure

Step edge detection is performed using the feature asymmetry
measure (FA) of Kovesi [24] defined using the monogenic signal
presented previously. To identify step edges essentially involves
finding points, where the absolute value of the local phase is 0◦

at a positive edge and 180◦ at a negative edge. In other words,
the difference between the odd and the even filter responses is
large. Kovesi suggested to use FA over a number of scales to
detect step edge features. We define the multiple scales feature
asymmetry

FA =
∑

s

�|odds | − |evens | − Ts	√
even2

s + odd2
s + ε

(9)

where �·	 denotes zeroing of negative values and Ts is the scale
specific noise threshold [24]. The FA takes values in [0, 1], close
to zero in smooth regions and close to one near boundaries.

The application of this operator in [25] and [30] for ultrasound
images has yielded good results. The authors used FA with
steerable filter for boundary detection. However, it is expected
to obtain better results using the monogenic signal, as it is the
natural extension of the 1-D analytical signal.

III. DESCRIPTION OF THE MODEL

In this section, we present our proposed segmentation method.
The idea is to use a novel-phase-based speed function within the
level set framework.

Consider a gray level image as a function I : Ω → R
+ , where

Ω ∈ R
2 is the image domain. The image gradient vector field

is given by ∇I(x, y). Let us define the evolving contour C :
[0, L] → R

2 , given in a parametric form C(p) = {x(p), y(p)},
where p is an arclength parameter, and whose normal is defined
by n(p) = {−yp(p), xp(p)}.

The alignment term idea proposed by Kimmel et al. [52], is
to search for a contour C that interacts with a given image, such

1Here, the derivative is taken in the spatial domain in the radial direction,
which preserves the isotropy property in higher dimension.
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Fig. 3. (Left) Original echocardiographic image of a four chamber view with a defined region of interest (ROI). (Right) Underlying gray value image shows the
g function given in (12) and the vector field show the local phase vector field, both calculated on the showed ROI.

that the curve’s normal aligns with the gradient vector field.The
alignment of the two vectors can be measured by their inner
product that we denote by 〈n,∇I〉. The geometric functional of
the alignment measure in its robust form is given by [52], [53]

EA (C) = −
∫ L

0
|〈n(p),V(x(p), y(p))〉|dp (10)

where V is a given vector field (e.g., image gradient). The func-
tional EA (C) measures the alignment between the local image
orientations and the curve’s normals. In the proposed work, we
use the local orientation computed by means of the monogenic
phase Φ given by (4) instead of the classical gradient estimation.
As shown in Fig. 3, the monogenic phase offers a good orien-
tation estimation of the edge. The inner product 〈·, ·〉 gets high
values if the curve’s normals align with the local orientations of
the image. This is useful in low contrast boundaries.

In our active contour model, we will minimize the earlier
alignment term and we will add some regularizing terms. It
is known in literature that when we use several terms, geodesic
active contour model (GAC) [54] serves as a good regularization
for other dominant terms. Therefore, we introduce the following
energy functional to be minimized:

E(C) = −
∫ L

0
|〈n(p),V(x(p), y(p))〉|dp

+ λ

∫ L

0
g(C(p))dp + ν

∫ ∫
ΩC

g(x, y)dxdy. (11)

The second term is the GAC term, where g is an inverse edge
indicator function, generally taken as g(x, y) = 1/(1 + |∇Gσ ∗
I|), and the integral is computed along the contour. Here, Gσ

is the Gaussian kernel with standard deviation σ. The search in
this case, would be for a curve along which the inverse edge
indicator gets the smallest possible values. Thus, the values of
g are close to one in smooth regions and close to zero near
boundaries. The third term is a weighted region term as in [54].
It measures the area inside the curve C, i.e., the area of the
region ΩC .

In this paper, we define and use a phase-based edge indicator
function instead of the classical inverse gradient based one, by
the following new formulation:

g = 1 − (FA)α (12)

Fig. 4. Examples of feature asymmetry measure at different scales. From top-
left to bottom-right: s ∈ {15, 20, 25, 30}, filters bandwidth = 2.5 octaves, i.e.,
a = 1.92 (see [50]). The original image can be seen in Fig. 6 (left).

where α ∈ [0, 1] is a hyperparameter and FA ∈ [0, 1] is the fea-
ture asymmetry measure, defined by (9). As it was mentioned in
Section I, a recent works showed that ultrasound images respond
well to phase-based edge detection. Moreover, a multiscales ap-
proach offers a better control on the edge detection quality. As
shown in Fig. 4, by moving closer to finer scales, the FA mea-
sure recovers details and discontinuities, but looses regularity
and continuity of the boundaries.

We embed a closed curve in a higher dimensional φ(x, y)
function, which implicitly represents the curve C as a zero set,
i.e., C = {{x, y} : φ(x, y) = 0}. Following [53], the gradient
descent flow minimizing (11), in the level set formulation, is
given by

∂φ

∂t
=

[
− μsign(〈Φ,∇φ〉)div(Φ)

+ λdiv

(
g(x, y)

∇φ

|∇φ|

)
+ νg(x, y)

]
|∇φ| (13)

where μ, λ, and ν are positives fixed parameters. The sign func-
tion in the first term can be simplified and written as sign(∇rφ),
where ∇r is a gradient operator in the direction specified by r,
(see Appendix).
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Fig. 5. Influence of the parameter α on the edge detection quality using the
FA measure. (Left) α = 1 and (right) α = 0.5. The original image is given on
Fig. 6 (right).

IV. EXPERIMENTAL RESULTS

MATLAB 7.6 (R2008a) was used for the implementation of
the proposed method. Our program required approximately 15 s
of CPU time per image (image size 256 × 256) on an IBM Intel
Xeon single-CPU 3.4 GHz. In most of the experimental results
shown in this section, the following parameters were fixed as
such: bandwidth = 2.5 octaves as suggested in [50], wavelength
= 20 pixels for natural data, and 10 pixels for synthetic data.
These settings were roughly consistent with the ones used by
Mulet-Parada and Noble [26]. We found by experiment that
large α value would cause leakage of the endocardial contour.
We therefore chose the largest α that did not have a leakage
problem (see Fig. 5). In practice, we set α = 0.5.

The GAC parameter λ is not set to the same value in all
experiments. If we have to detect many objects of different
sizes, then λ should be small. Conversely, if we have to detect
only large objects, and to not detect smaller objects, then λ has
to be larger. We also found by experiment that ν = 0.1 was
appropriate for most datasets.

The proposed variational level set method has been applied
to a variety of natural and synthetic images. We compared the
results of our approach with those of two other closely related
algorithms. The first is the gradient-based version of our ap-
proach, which is the GAC presented in [54]. This algorithm has
the same data adherence terms as our approach, but it lacks the
alignment term. As suggested by Kimmel [55] for noisy images,
the alignment term is turned off. The second algorithm (GAC +
ML) is an alternative of the first one in which we strengthen it
by a region-based term as presented in [14]. This model evolves
according to image information using image gradient and an a
priori knowledge about the statistical distribution of image gray
levels. Specifically, the observed image gray levels are modeled
by a Rayleigh distribution. The region-based term drives the
curve evolution to achieve a maximum likelihood segmentation
of the target, with respect to the statistical distribution law of
image pixels.

Fig. 4 shows the edge detection function applied on real ul-
trasound image. It is computed by the FA measure, using the
monogenic signal with the Cauchy filters. By moving closer
to the coarse scales, edge detection looses details but recovers
regularity of the boundaries. As shown in the top left of Fig. 4,
finer scales do not detect weak boundaries, and may lead to
segmentation leakages. Notice that the edges regularity can be
controlled by the filter scaling parameter s and the GAC param-

Fig. 6. Example of phase-based level set segmentation results of the left
ventricle. The inner contours are the respective initializations.

eter λ. This is the reason why we have fixed the value of the
scaling parameter and preferred adjusting the value of the GAC
parameter in order to compare with similar approaches.

Fig. 6 shows illustrative results of our method on two typ-
ical ultrasound images (left ventricle). Fig. 7 shows illustra-
tive comparison results of the proposed phase-based level set
(PBLS) segmentation algorithm with the results of the GAC
and the GAC + ML algorithms. These results give the reader
some insight regarding the robustness to speckle noise and to
attenuation.

In order to evaluate the proposed method and quantify its
accuracy, we have used a set of manually delineated contours.
We have collected a set of 20 bidimensional cardiac ultrasound
images, obtained from a Philips IE33 echocardiographic imag-
ing system. The dataset was segmented by two specialists in an
independent way, i.e., in different days, at the Pediatric Echocar-
diographic Center, CHU Amiens. Each specialist segments each
image five times, so that ten manual segmentations are available
for each image. Thus, in all, we have 200 manual segmentations.
This allows measuring the inter- and intraobserver variabilities,
which are the differences performed by the same specialist as
well as the differences between segmentations performed by
different specialists, respectively.

Two distances have been used to compute the comparison
between two contours. The first distance, referred here to as
dice similarity coefficient (DSC), is given by [56]

DSC(S1 , S2) = 2
|S1

⋂
S2 |

|S1 | + |S2 |
(14)

where S1 and S2 represent the ground truth and the obtained
segmentation, and |.| denotes the cardinal of a set. The closer
the DSC values to 1, the better is the segmentation. The second
measure is the distance between two given curves, C1 and C2
represented as sets of ordered pairs of the x and y coordinates of
points C1 = {a1 , a2 , . . . , an} and C2 = {b1 , b2 , . . . , bm}. The
distance between the point ai and the closest point on the curve
C2 is computed by

d(ai, C2) = min
bj ∈C2

‖bj − ai‖.

These distances are computed for all points of the two curves
and are averaged to yield the mean absolute distance between
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Fig. 7. Comparison of the PBLS (left), GAC (middle), and GAC+ML (right) results with a manual delineation. Blue line indicates manual delineation, and white
line indicates semiautomatic segmentation.

TABLE I
PERFORMANCE INDICES MEASURES DSC (%) AND MAD (PIXELS) VERSUS

INTRAOBSERVER, INTEROBSERVER, AND COMPUTER-OBSERVER DISTANCES

the two curves MAD(C1 , C2) [57]. Hence,

MAD(C1 , C2) =
1
2

[
1
n

n∑
i=1

d(ai, C2) +
1
m

m∑
i=1

d(bi , C1)

]
.

(15)
Table I shows a quantitative comparison between the three

semiautomatic segmentation: our approach—that we denote in
what follow PBLS for phase-based level set—, GAC, GAC +
ML, and manual segmentation (intraobserver and interobserver)
for the 20 echocardiographic images. The mean, median, and
standard deviation of the 20 results are shown for both measures
(see Fig. 8).

The first result is the segmentation performed by the classical-
gradient-based GAC, the second one is the segmentation using
GAC with the ML region term (see [14]) and the third one is the
segmentation using our PBLS (11).

We have also used the simulation program Field II [58], [59],
to synthesize phantom data with known ground truth. The phan-
tom consists of 100 000 scatterers, and simulating 50 radio
frequency lines. It consists of four columns with different con-
trasts, each one contains three circles with different scales (17,
20, and 23 pixels radius), see Fig. 10.

The segmentation results obtained by the GAC, GAC + ML
model, and the proposed method are shown in Fig. 11. The
results were obtained with λ = 0.1 for the GAC method and
λ = 0.6 for PBLS and GAC + ML methods. Fig. 12 summaries
the quantitative evaluations of the three segmentation models
on this dataset.

V. DISCUSSION

The quantitative evaluation on the natural data (see Tables I
and II) show, as expected, that the use of GAC with an additional
region term provides a significant improvement with respect to

the classical GAC. This is due to the fact that solely edge detec-
tion technique does not work for echocardiographic images with
weak edges. The region term also improves the edge detection
by avoiding local minima of the energy function, as a simple
gradient descent is used. See, e.g., [19], [20] for an alternative
minimization.

Now observe that the use of PBLS improves even more the
already good results of the GAC + ML. Indeed, one of the
major problems encountered in applying region-based method
on ultrasound images, is the attenuation. In highly corrupted
images with local intensity variations, the region term cannot
segment the blood part of the left ventricle as a single region.
Undoubtedly, the underlying assumption of a single tissue with
Rayleigh statistics is not valid in such situations. The proposed
phase-based term is more robust to attenuation artifact for being
theoretically intensity invariant. It should also be remembered
that in our approach, the phase-based GAC term is reinforced
by the phase-based alignment term.

The intraobserver values are the mean of the values of DSC
(%) and MAD after comparing all the manual segmentations
of each specialist for each image. Interobserver values are the
mean of the comparisons performed by different specialists. The
interobserver results show that there is a significant difference
between the segmentation of the two specialists (see details in
Table II). As expected, the intraobserver differences are lower
than the interobserver ones, and the later are less than all the
semiautomatic ones (GAC, GAC + ML, and PBLS). The low
variances of the intraobserver for both measures suggest a regu-
larity of the segmentations of two specialists. This is confirmed
by the details shown in Table II and the graphics shown in Fig. 8.
Indeed, Fig. 8 shows separately the quality of segmentation as-
sociated to the specialists. In the same table and figure, we can
detect images with low contrast and high speckle noise, which
are difficult to segment by both physicians. For instance, image
number 19 is difficult to segment, as it is suggested by the low
mean and high standard deviation of the DSC measures for both
physicians.

Table I suggests that the PBLS segmentations are not as good
as the manual ones, but still very close to the ground truth. It can
be observed, in Fig. 9, that the manual results are more regular,
while the automatic results have more details. Note that our
quantitative evaluation is similar to the one presented recently
in [60]. The performances of our algorithm are of the same order
as in [60].
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Fig. 8. Boxplots of the DSC (%) distance between all manual segmentations for the 20 images. (Top) Results of the first physician and (bottom) results of the
second physician. The x-axis represents the image number.

Fig. 9. Comparison of computer-generated segmentation (red) and the refer-
ence segmentation obtained from the manually delineated contours performed
by the specialists. White in left column for the first specialist and yellow in right
column for the second.

The experiments on the simulated data also confirm our ob-
servations regarding the relative performances of the three com-
pared methods. The results of the proposed PBLS and GAC +
ML methods are better than those of GAC. Although, the GAC
provides also acceptable results as it can be observed in Fig. 11.
The PBLS segmentation provides the best results in terms of av-

Fig. 10. Synthetic phantom. From left to right, high to low contrast circles.
The three circles in each column, from top to bottom, have 17, 20, and 23 pixels
radius, respectively.

erage performances and in terms of regularity as it has also the
lower variances. An important observation is the large variance
of the GAC + ML method. Our observation of its behavior sug-
gests that it is mainly because of the simulated attenuation on
some images that makes this variance increase. This reinforces
our conclusion regarding the robustness of the proposed work
relatively to other existing alternatives. Note, however, that re-
cent works on region-based segmentation propose solutions for
the segmentation of image with slow varying images statistics
(see, e.g., [61] and [62]).
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TABLE II
DSC (%) RESULTS OF THE TWO INTRAOBSERVERS AND INTEROBSERVER FOR

TEN IMAGES

Fig. 11. Comparison of the PBLS segmentations (yellow) with the GAC seg-
mentations (red, first line) and the GAC + ML segmentations (red, second line).

Fig. 12. Boxplot of the DSC (%) measure (left) and MAD distance (right) of
the semiautomatic segmentation: PBLS, GAC + ML, and GAC.

VI. CONCLUSION

We have presented in this paper a new approach for the seg-
mentation of the left ventricle in ultrasound images. In a level
set framework, we integrate the use of a novel speed term based
on local phase information and local orientation; both estimated
using the monogenic signal. A key advantage of this approach
is that it is more robust to intensity inhomogeneities.

The performance of the proposed PBLS segmentation is
demonstrated on B-mode echocardiographic images and on re-

alistic synthesized images. Quantitative results are shown, when
compared against hand-outlined boundaries, and are of the same
order as in the state of art. Experiments on synthetic data show,
as expected, that the PBLS approach outperform the classical-
intensity-based GAC and GAC + ML models. Although the
quantitative evaluation was performed on a limited dataset, our
experiments show that the proposed terms can favorably replace
classical ones of the same nature. It is interesting to investigate
the addition of more recent region terms, as in [61] and [62], at
least at the beginning of the segmentation process, in order to
improve the capture range of the method.

APPENDIX

PHASE-BASED ALIGNMENT TERM

The Laplacian term presented in [52], in its implicit forme, is
given by

φt = −sign(< ∇φ,V >)div(V)|∇φ| (16)

where φ is a level set function and V is a vector field. The aim
of our work is to build a Laplacian term based on a robust orien-
tation estimation. Thus, we integrate the use of the phase vector
Φ given in (4) as a vector field. The phase-based alignment term
is then given by

φt = −sign(< ∇φ,Φ >)div(Φ)|∇φ| (17)

= −sign(< ∇φ, ϕ · r >)div(Φ)|∇φ| (18)

= −sign(ϕ∇φr)div(Φ)|∇φ| (19)

where ∇r is the gradient operator in the direction specified by
r. Notice that, because ϕ ∈ [0, π], the sign of the product ϕ∇φr

depends only on the inner product between∇φ and the direction
specified by r. This leads to the following simplified formula:

φt = −sign(∇φr)div(P )|∇φ|. (20)
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