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Abstract In order to interpret ultrasound images, it is important to understand their formation and the properties that affect them, especially speckle noise. This image texture, or
speckle, is a correlated and multiplicative noise that inherently occurs in all types of coherent imaging systems. Indeed, its statistics depend on the density and on the type of scatterers
in the tissues. This paper presents a new method for echocardiographic images segmentation
in a variational level set framework. A partial differential equation-based flow is designed
locally in order to achieve a maximum likelihood segmentation of the region of interest. A
Rayleigh probability distribution is considered to model the local B-mode ultrasound images
intensities. In order to confront more the speckle noise and local changes of intensity, the
proposed local region term is combined with a local phase-based geodesic active contours
term. Comparison results on natural and simulated images show that the proposed model is
robust to attenuations and captures well the low contrast boundaries.
Keywords Echocardiography · Level set segmentation · Local phase · Monogenic signal ·
Maximum likelihood

1 Introduction
Ultrasound imaging represents one of the most popular exploration techniques commonly used in many diagnostic and therapeutic applications. It has many advantages: it
is non-invasive, provides images in real time and requires lightweight material. However,
ultrasound images segmentation is particularly difficult mainly due to the low signal-tonoise ratio, low contrast and high amounts of speckle. This image 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 the
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type of scatterers in the tissues (see e.g., [46]). All these characteristics make segmentation
difficult and therefore complicate the diagnosis task [48].
Our study in this work is restricted 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 extensive.
As it has been pointed out in [48], the most popular approach designed to treat echocardiographic endocardial segmentation is 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 attenuations.
This paper concerns the development of a novel region-based active contour model in
a variational level-set framework. First, we use a kernel function to define a local energy
around a given point. This energy characterizes the fitting of the local Rayleigh distribution
to the local image data around a neighborhood of a point. This local energy is then embedded
over the entire image domain. The local intensity pdf parameter, which is spatially a varying
function, is a variable of the energy functional and is estimated locally using the Maximum
Likelihood principle. The minimization of the energy functional is achieved by solving the
gradient-descent flow equation. The final evolution equation is then simplified to an easy
equation to handle.
The work presented in this paper is a study of the adaptation of the global model proposed by Sarti et al. [54]. Our method is hybrid, it combines a local region-based term an a
contour-based term derived from the GAC (Geodesic Active Contours). The latter uses local
phase information derived from the monogenic signal [30, 31] to detect edges. Some preliminary results of this study have been presented in [6]. Here the images database is expanded
to 50 new manual delineations corresponding to 5 new B-mode images. Moreover, a new
database including 60 synthetic (B-mod and RF) images is carried out. The quadrature filter
used for the edge detection term is the α scale spaces derivative (ASSD) filter instead of
Cauchy filter. We chose to use this filter because it has been proven that this filter responds
well on ultrasound images as shown in [8].
B-mode ultrasound images segmentation methods (overall, focused on the echocardiographic images) are reviewed in the next section. After that, Section 3 introduces a brief
description about the monogenic edge detection measure, called Monogenic Feature Asymmetry. The proposed segmentation method is presented in Section 4. Section 5 shows preliminary experimental results on real and synthetic data. Section 6 provides a discussion
followed by some concluding remarks.

2 Background
Several ways to classify ultrasound segmentation methods, can be found in the literature.
One of the most popular way is the classification according to their level of complexity (low,
intermediate and high level). There are other frequently encountered types of classification
based on whether the approaches are global, contours, region or continuous. In this paper,
we opted for characterizing methods in terms of a priori knowledge or constraints used to
resolve the segmentation problem. This new view of methods classification is inspired by
that presented in [47]. Based on this formalism, two types of constraints are distinguished.
Firstly, the constraints related to the information that can be extracted from the image or
imaging system; secondly, the constraints related to the nature of the object concerned by
segmentation, as its anatomy or its physiological behavior.
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2.1 Constraints related to the image and imaging
2.1.1 Gray level distribution
Backscattering energy of echo signals create interference patterns in the acquired signal
called speckles. These inherent speckles degrade the resolution of the signal and corrupt
the specificity of gray level intensities. Several empirical models were used to describe the
gray level distribution. As known in the literature, fully developed speckle noise in envlopedetected ultrasound signals can be modeled by Rayleigh distribution. Indeed, the Rayleigh
model is the most commonly used to describe the speckle phenomenon [11, 18, 35, 54, 48, 5,
3,56,25,13,1]. This model is embedded in the more general Rician noise model that also
applies to MRI noise [53,63]. In case of low SNR, as in ultrasound, the Rician distribution
tends to a Rayleigh distribution, while at high SNR, as in high quality MRI, the Rician distribution tends to a Gaussian distribution [58,64]. In order to account for the non-Rayleigh
scattering, a number of distributions have been proposed, including the K-distribution [28],
the Nakagami distribution [55], the Weibull distribution [32], and Generalized Gamma (GG)
distribution [52].
The Rayleigh model has been used for edge detection by anisotropic diffusion [57], and
in the methods of statistical segmentation [42,18, 35]. Good results of segmentation on the
B-mode images have also been obtained by Slabaugh et al. [56] and Sarti et al. [54] incorporating the Rayleigh distribution in the level sets method. Other similar results in [3, 6] have
been obtained using the same principle. One can find other distributions models also used in
segmentation algorithms, for example, we can mention the Gaussian [11], exponential [50],
Gamma [60], Beta [41] and Rician Inverse Gaussian distributions [29].
Certainly, the gray level distribution allows the characterization of different tissues, but
unfortunately this modelization does not take into account some spatial effects such as attenuation, acoustic shading and the signal dropout. To overcome these drawbacks, some authors
reinforce their models by adding other constraints as the information about contours [40, 62,
6]. Furthermore, to address the attenuation problem, other authors propose to model the gray
level distribution on a limited local area, and not globally [11, 4, 38, 17, 64, 6, 15, 65]. More
details on this methods will be presented subsequently.

2.1.2 Differential operators
The derivative of the intensity has proven to be a widely used method in many image
processing areas for detecting the change in intensity as contours. Indeed, the maximum
of the first derivative (or the zero crossing of the second derivative) can locate the change
of intensity and discontinuities in the form of a step edge. These intensity changes and
discontinuities are generally associated with the contours of objects in the image [21, 40,
41]. In the case of ultrasound images, this method is only efficient in the presence of strong
acoustic discontinuities between different tissues. In addition, because of the anisotropic
acquisition of ultrasound images, some object boundaries are often not detected or not at
all. Although very good progress has been made in the area of edge detection, gradient
empirical estimation techniques proposed in the 80s are often still used in competition with
more modern techniques. Indeed, the gradient operator used for edge detection is formal,
but unfortunately sterile.
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2.1.3 Phase information
Some authors have shown that to detect the acoustic surfaces, the local phase information of the image is more robust than the intensity gradient [43, 37, 45, 66, 7, 65]. By measuring the local phase or the phase congruency at several scales, this allows to characterize
the intensities differences in term of shape and not in term of strength of intensity. Indeed,
the signal amplitude (or gradient) informs us about the strength of discontinuities, while the
local phase provides information of the shape, making it independent to changes of intensity. Morrone and Burr [43] have shown that the visual perception structures (structures that
the human eye identifies as interesting) is associated with positions where the phases are
in congruence, i.e. the points where the Fourier components are in phase. Thus, there is a
strong link between the phase congruence and the presence of relevant characteristics. These
points also inform us about the type of the detected structure, including lines and edges. For
example, 0 or π as values of the local phase, correspond to a stair type discontinuity.

2.1.4 Texture measures
Because of the granular appearance of ultrasound image, texture is considered as a useful
feature for classification or regions based segmentation methods [11, 27, 49]. These methods
have had some limited success in the scientific community. The image texture is dependent
on the microstructure of the tissue and the imaging system used. Different systems lead to
different patterns of texture, and therefore these methods do not reflect the true characterization of the physical properties of the tissue. Moreover, the characterization of image texture
is highly dependent on the spatial scale of analysis and requires the use of a multi-resolution
approach [47].

2.2 Constraints relating to the structure of interest
2.2.1 Anatomy - shape Often, region information (homogeneity constraint) and contour (discontinuity) are not
enough to achieve a reliable and accurate segmentation. In the case of dropout ultrasound
signal, the region and contour information cannot identify the region of interest. Shape constraint is often a successful solution to improve the segmentation results. The shape model,
also called deformable model or active shape model is a segmentation technique originally
introduced by Cootes et al. [23] to locate deformable objects in images. It is mainly based
on a priori knowledge of the shape and deformation modes of the structure of interest.
The shape constraint may be embedded into the segmentation model by different ways.
For example, using in particular an explicit form of representation as the point distribution
model [23]. The first applications of such formalism to active contours, have proven ineffective for treating complex shapes. Non-parametric approaches, better suited to general
medical applications, are developed. The formalism of the level sets can implement these
methods effectively and topological changes are permitted [67, 26]. Thanks to their robustness to attenuations, shading artifacts and speckle, ultrasonic B-mode images segmentation
methods based on shape constraints have been widely used in recent years. A more complete
view can be found in [48,24,33].
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2.2.2 Physiology - motion One of the reasons of the frequently use of ultrasound imaging is that it provides dynamic images. Therefore, the literature on the spatio-temporal segmentation is very broad.
The typical example that we can mention is the segmentation of cardiac images, the structure
has a quasi-periodic motion. Several applications and motion-based models can be readily
found in the literature. One can in particular refer to the survey of Noble et Boukerroui
in [48].
The motion constraint can be injected into the segmentation model following several
assumptions: for example, assuming a local or global temporal coherence [21, 2], assuming
a constant velocity [34], or including time explicitly in the optimization process as in [10].
Zhu et al. [67] have introduced a new constraint to the movement that is the incompressibility
of myocardium. The authors assume that during the cardiac cycle the myocardium is almost
incompressible and its volume undergoes changes that are less than 5%. Recently, Porras
et al. [51] have proposed a technique for myocardial motion estimation based on image
registration using both B-mode echocardiographic images and tissue Doppler sequences.
Finally, this constraint list is not comprehensive, many other constraints such as similarity
measures can be found in the literature [48].

3 Method
3.1 Monogenic signal
One of the popular methods to estimate local signal information (amplitude, phase and
orientation) is based on the analytic representation of this signal. Felsberg and Sommer [30,
31], have proposed a novel n-dimensional generalization of the analytic signal. In particular,
they proposed a 2D isotropic analytic signal, called monogenic signal.
For a given 2D signal f (x), 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 ) ,
where c is the spatial domain representation of an isotropic bandpass filter, and h = (h1 , h2 )
is the generalized Hilbert transform kernel,
h(x) = (h1 , h2 ) =

1 x
.
2π ||x||3

Recently, Belaid et Boukerroui in [9] have introduced a new quadrature filter kernel
called α scale spaces derivative filters (ASSD). We chose to use this filter because it seems
to be efficient on ultrasound images as shown in [8]. In the frequency domain, a 2D isotropic
ASSD kernel is defined by:
(

nc ua exp −(su)2α
if u ≥ 0 ,
CASSD (u) =
(1)
0
otherwise ,
where u = (u1 , u2 ), s is a scaling parameter and a ∈ R+ is the fractional order derivatives of
the filter. Typical values of α are in the range [0.51]. nc is a normalization constant.
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3.2 Monogenic Feature Asymmetry
Step edge detection is performed using the feature asymmetry measure (FA) of Kovesi
[37] defined, in this paper, using the previously presented monogenic signal. The identification of 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 monogenic
feature asymmetry:
1
b|odds | − |evens | − Ts c
FAMS = ∑ q
,
(2)
N s
even2s + odd2s + ε
where N is the total number of scales, b·c denotes zeroing of negative values and Ts is the
scale specific noise threshold [37]. For a given scale, the FA takes values in [0, 1], close to
zero in smooth regions and close to one near boundaries.
The application of Kovesi’s FA in [44] on ultrasound images has yielded good results.
The authors used steerable filters for the 2D extension. The authors in [7] used the monogenic signal, as it is the natural extension of the 1D analytical signal. The monogenic feature
asymmetry applied on ultrasound images yielded better results.

4 Segmentation model
Let I denote a given image defined on the domain Ω , and let C be a closed contour
represented as the zero level set of a signed distance function φ , i.e., C = {x|φ (x) = 0, x ∈
Ω }. We specify the interior of C by a smooth approximation of the Heaviside function
H(φ ). Similarly, the exterior of C is defined as (1 − H(φ )).
We introduce the following classical energy functional to be minimized [19, 54]:
EG (φ ) = LG (φ ) + RG (φ )
Z

=λ

(3)

gδ (φ )|∇φ |dx

Ω

−

Z
Ω

H(φ ) log p(I, σi )dx −

Z

(1 − H(φ )) log p(I, σo )dx .

Ω

This energy model is composed of two terms: a gradient edge-based term LG (φ ) and a
global region-based term RG (φ ). The first is the Geodesic Active Contour term (GAC) [20],
were λ is a positive fixed parameter and g is an inverse edge indicator function, generally
taken as g(x, y) = 1/(1 + |∇Gs ∗ I|). Here, Gs is the Gaussian kernel with standard deviation
s. The second is a global region-based term. Specifically, it is the log likelihood function
to maximize, given by the product of the inner and the outer probabilities [16, 19]. Here,
p(I, σ ) represents the probability density function characterizing the observed gray level of
image I. σi and σo represent the parameters of the pdf respectively inside and outside the
curve.
In the following, we define an alternative energy function, similar to the form of (3),
but using local image properties. We use a local phase-based edge indicator function g =
γ
1 − FAMS instead of the classical inverse gradient-based one. Here, γ is a scale parameter
and FAMS ∈ [0, 1] represents the monogenic feature asymmetry measure defined by (2). This
allows us to define the local phase-based GAC term noted LP (φ ). As it was mentioned in the
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introduction, recent works showed that ultrasound images respond well to phase-based edge
detection. Moreover, a multi-scales approach offers a better control on the edge detection
quality.
Now, we focus on our new local region term. Classical region-based methods, like the
ML model, often make strong assumptions on the intensity distributions of the searched
object and background. In order to be less restrictive, the local energy achieves a trade off
between the local features and the global region. Localizing the region term seems to be a
good alternative to avoid the attenuation artifact, which is one of the main characteristics of
ultrasound images. We aim in the remainder of this section to change this term RG to a new
local region-based term RL [39,38,17]. This term is a local version of the one presented by
Sarti et al. in [54].
Precisely, the proposed model is derived from [38]. The proposed model in [39, 64] is
considered as a special case of the one presented in [38]. Values of level set function are
estimated only in a narrow band around the zero level set, which is not the case in [39, 64].
The functional of our model is an adaptation of that presented in [38]. The local intensity pdf
parameter is estimated locally using the Maximum Likelihood principle. The minimization
of the energy functional is achieved by solving the gradient-descent flow equation. The final
evolution equation is then simplified to an easy equation to handle.
In the work of Brox and Cremers [17], the authors assume that pixel intensities are
realizations of the random (Gaussian) variable and are not, as usual, identically distributed
but the distribution varies with the position in the image. As we have already mentioned
previously, the most commonly used statistical intensity model for ultrasound images is the
Rayleigh distribution p(I) =I/σ 2 exp(−I 2 /2σ 2 ). Thus, here we also assume that observed
intensities are independent Rayleigh random variables. We also assume, as in [17], that the
identically distributed assumption is valid only locally.
To achieve this, we introduce the following characteristic function B used to define a
local region in terms of a radius parameter r [38],
(
1, ||x − y|| < r
B(y; x) =
0, otherwise .
Thus, the local region version around a given point x, of the global region term RG in
(3), is given by:
F(φ ; x) = −
−

Z
ZΩ
Ω

B(y; x)H(φ (y)) log p(I(y), σbi (x))dy

(4)

B(y; x)(1 − H(φ (y))) log p(I(y), σbo (x))dy .

This formulation allows as to estimate the pd f parameter σ 2 locally, inside and outside the
curve. The local ML estimates are given by:
1
B(y; x)H(φ )I(y)2 dy ,
2Mi (x) Ω
Z
1
σbo2 (x) =
B(y; x)(1 − H(φ ))I(y)2 dy ,
2Mo (x) Ω
σbi2 (x) =

Z

where Mi and Mo denote respectively the local area inside and outside Ω and are given as:
Z

Mi (x) =
ZΩ

Me (x) =
Ω

B(y; x)H(φ )dy ,
B(y; x)(1 − H(φ ))dy .
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By introducing these estimates back in the local log likelihood (4), we obtain the new
formulation:
Z

1
B(y; x)H(φ (y))I(y)2 dy
Mi (x) Ω
 1 Z

− Mo (x) log
B(y; x)(1 − H(φ (y)))I(y)2 dy .
Mo (x) Ω

F(φ ; x) = −Mi (x) log



By bringing the local phase and local region terms, we now define our new energy built
from (3) as follows:
EL (φ ) = LP (φ ) + RL (φ )
Z

gδ (φ )|∇φ |dy +

=λ
Ω

(5)
Z

δ (φ (x))F(φ ; x)dx ,
Ω

F(.; x) represents a local image contribution at each point along the curve evolution.
This formulation is under the assumption that the local behavior of an ultrasound image
follows the Rayleigh distribution, and assuming that the size of this local region is sufficient
for a maximum likelihood estimation of the parameter σ .
It is straightforward to see that the mask B(y; x) is independent of φ . Thus, the associated flow equation of F(φ ; x) is given by:
FLML (φ ; z; x) = log



1
Mi (x)

Z


B(y; x)H(φ (y))I(y)2 dy

(6)

Ω

I(z)2 Mi (x) + Ω B(y; x)H(φ (x))I(y)2 dy
R
2
Ω B(y; x)H(φ (x))I(y) dy
 1 Z

− log
B(y; x)(1 − H(φ (y)))I(y)2 dy
Mo (x) Ω
R

+

I(z)2 Mo (x) + Ω B(y; x)(1 − H(φ (y)))I(y)2 dy
R
,
2
Ω B(y; x)(1 − H(φ (y)))I(y) dy
R

+

in agreement with [54].
Finally, the gradient descent flow minimizing (5), in the level set formulation, is given
by (see Appendix):
"


∂φ
∇φ (x)
(x) = δ (φ (x)) λ div g(x)
∂τ
|∇φ (x)|
#

Z

+

(7)

δ (φ (y))B(y; x)FLML (φ ; y; x)dy

.

Ω

5 Results
In order to evaluate the proposed method and quantify its accuracy, we have compared
the results of our proposed approach with those of other closely related algorithms. The
variational proposed approach was applied to a variety of natural and synthetic images.
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Fig. 1 Comparison of the local and global ML model. Left to right: Initial contour and original synthetic
image, segmentation using respectively local and global ML region term only.

Three quantitative measures have been used. An area overlap ratio,namely the Dice
Similarity Coefficient (DSC)
DSC(S, Sideal ) = 2

|S ∩ Sideal |
,
|S| + |Sideal |

and two metric distances: the Mean Absolute Distance (MAD) which measures and average error and the Hausdorff Distance (HD) accounting for maximum errors between two
contours. The Mean Absolute Distance is given by [59]:
MAD(C1 , C2 ) =

i
1 m
1h1 n
d(ai , C2 ) + ∑ d(bi , C1 ) ,
∑
2 n i=1
m i=1

where, C1 = {a1 , a2 , . . . , an }, C2 = {b1 , b2 , . . . , bn } are the curves represented by an ordered
set of coordinate pair of points and d(ai , C2 ) = minb j ∈C2 ||b j − ai || represents the euclidian
distance between the point ai and the nearest point in the curve C2 . The Hausdorff Distance
is given by:
n
o
HD(C1 , C2 ) = max sup d(ai , C2 ), sup d(bi , C1 ) .
i

i

The closer the DSC and the MAD (also HD) values to 1 and 0 respectively, the better is the
segmentation.
In all of the experimental results, the radius of the localizing ball r was fixed to 11 pixels.
Unless otherwise stated, the regularization term parameter λ is set to 0.6. The following
ASSD filter parameters were fixed as such: bandwidth ∈ {2.5, 1.5} octaves as suggested
in [12], wavelength is 23 pixels for real images and is 7 and 9 pixels respectively for B-scan
and RF simulated images.
A comparison between the global and local models is highlighted by a simple experiment that illustrates the influence of attenuation in the segmentation process. We built for
this purpose a test image which reproduces some properties of ultrasound images. Fig.1
demonstrates the effect of a non-uniform illumination with speckle noise and contains a
shape of a low-contrast square structure. The edge-based term is turned off, while the region
term plays the leading role. In this case, the local region-based term gives a successful result
while the global region-based segmentation algorithm fails, and partitions the image into
two regions of different attenuations.
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5.1 Evaluation with manual segmentations

Area Enclosed by Computer Border

As a preliminary validation, we have compared the semi-automatic algorithm results
to manual segmentations. We have collected a set of 15 bidimensional cardiac ultrasound
images for different patients, obtained from a Philips IE33 echocardiographic imaging system. The data set was segmented by two specialists in an independent way, i.e. in different
days. Each specialist segments each image 5 times, in order that 10 manual segmentations
are available for each image. Thus, in all, we have 150 manual segmentations. This allows
measuring the inter and intra-observer variabilities, that are the difference delineations performed by the same specialist as well as the difference between segmentations performed
by different specialists, respectively.
The comparison between the computer versus the manually traced contours resulted in a
perfect agreement in the areas calculated with both techniques, with a very good correlation
(r = 1). In Fig. 2 the linear regression and Bland-Altman results are graphically reported.
An example of the automated versus the manually traced contours is shown in Fig. 3 (right)
where the good correspondence can be appreciated. In the sme figure, we can see an illustrative comparison results of the proposed segmentation algorithm and the results of the
global ML algorithm [54] with manual delineation. These results give the reader some insight regarding the robustness to speckle noise and to attenuation. Note that, the manual
segmentation seems to be more regular then the automatic one.

Area Enclosed by Average Manual Outline

Mean value

Fig. 2 Linear regression analysis (left) and Bland-Altman analysis (right) comparing average manual tracing
and area values obtained applying our local maximum likelihood segmentation method. The areas are in
mm2 . The dashed line is the unity line.

The experiment in Fig. 4 shows the performance of the monogenic feature asymmetry
to detect step edge boundaries in very noisy and low contrast data. The adverse effect of
FA measure is the delocalization, by moving closer to finer scales, the FA measure recovers
details and discontinuities, but looses the regularity and the continuity of the boundaries.
This drawback can be reduced by using a multiscale detection, see Equation (2). Are shown
in the same figure, illustrative results of our method on two typical ultrasound images (left
ventricle).
Table 1 and 2 show a quantitative comparison between our approach -noted LP+LML
for Local Phase with a Local ML model- and two semi-automatic segmentation methods:
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Fig. 3 Comparison of the proposed method (left) and the global ML model (right) with a manual delineation.
Blue line: manual delineation, white line: semi automatic segmentation. Parameter λ = 0.7.
Table 1 Performance indices measures DSC, MAD and HD versus Interobserver, Intraobserver and
computer-observer distances. The mean, median and standard deviation for DSC, MAD and HD are shown.
The comparison is performed here between the computer results and all the manual segmentations.
Measures
Indexes
GAC
GAC+GML
LP+LML
Interobserver
Intraobserver

Mean
88.25
90.22
91.62
94.73
96.32

DSC (%)
Median
89
91.10
91.93
96.40
96.54

SD
4.82
3.96
2.24
3.19
0.79

MAD (pixels)
Mean
Median
5.81
5.06
4.8
4.67
4.69
3.49
2.94
3.02
2.25
2.11

SD
1.85
1.61
2.1
1.16
0.65

Mean
17.6
18.38
14.44
8.91
7.95

HD (pixels)
Median
15.16
18.98
12.64
8.46
7.29

SD
7.95
6.70
5.33
3.52
2.62

Table 2 Performance indices measures DSC, MAD and HD versus Interobserver, Intraobserver and
computer-observer distances. The mean, median and standard deviation for DSC, MAD and HD are shown.
The comparison is performed here between the computer results and the mean of the manual segmentations.
Measures
Indexes
GAC
GAC+GML
LP+LML
Interobserver
Intraobserver

Mean
88.78
90.79
92.30
94.73
96.32

DSC (%)
Median
89.57
91.45
93.2
96.40
96.54

SD
4.94
4.01
2.34
3.19
0.79

MAD (pixels)
Mean
Median
5.54
4.83
4.53
4.33
4.4
3.23
2.94
3.02
2.25
2.11

SD
1.87
1.59
2.09
1.16
0.65

Mean
16.69
17.87
13
8.91
7.95

HD (pixels)
Median
15.04
18.14
11.67
8.46
7.29

SD
8.23
7.02
5.36
3.52
2.62

classical GAC and GAC with a global ML model (GAC+GML). Inter and Intra-observer
values are also shown in this table. The mean, median and standard deviation of all the
echocardiographic images segmentations are shown for the three measures: Dice similarity
coefficient, mean absolute distance and Hausdorff distance (See, for example, [22, 67, 7]).
Table 1 reports the results of the distance between the algorithm and all the manuals delineations, while Table 2 reports the results of the distance between the algorithm and the mean
manuals delineations of each physician. As expected, comparison results with the average
manual segmentation are better than those compared with all manual segmentations, the
error and the standard deviation decrease. It can be noted that, the intraobserver values are
lower than those of the inter-observer, and much less than those of all the automatic methods
(GAC, GAC+GML and LP+LML). The low standard deviations of the intraobserver let us
assume regular segmentations of the two specialists.
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Fig. 4 Examples of the proposed model segmentation results in echocardiographic images. Top of the figure:
the original images, in the middle: the edge detections performed by the monogenic feature asymmetry.
Bottom: segmentation results. The inner dashed contours are the respective initializations. In this experiments,
λ = 0.7.

5.2 Evaluation on simulated ultrasound images
In order to demonstrate the usefulness of the proposed approach, we chose, among others, to test it on realistic US simulations. To this end, we have used the simulated ultrasound
images with ground truth contours by Boukerroui [13]. He used the simulation program
Filed-II [36], to synthesize phantom data with known ground truth. A linear scan of a first
phantom (PH1) was done with a 290 elements transducer using 64 active elements. The
scatterers in the phantom were randomly distributed within the phantom of 80 × 80 × 15
mm cube size. 128 lines were simulated at 5 Mhz. The second phantom (PH2) of size
100 × 100 × 15 mm cube was placed at 10 mm depth from the transducer surface, and was
scanned with a 7 MHz 128 elements phased array transducer. The images consist of 128
lines with 0:7 degrees between lines. Hanning apodization in transmitting and receiving was
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Table 3 Performance indices measures DSC, MAD and HD versus LGDF and LP+LML models, on simulated images. The mean, median and standard deviation for DSC, MAD and HD are shown.
Measures
Indexes
LGDF [64]
LP+LML

Mean
92.31
95.33

DSC (%)
Median
93.70
95.7

SD
5.04
1.04

MAD (pixels)
Mean Median
SD
3.53
1.33
3.59
1.39
1.04
1.43

Mean
7.87
3.92

HD (pixels)
Median
SD
3.4
7.41
3.21
2.82

Fig. 5 Illustrative segmentation results of the local Rayleigh model on simulated B-mode (Top) and RF
(bottom) images. From right to left: original image, FA edge detection and final result. Dashed line on the top
right image shows the initialization.

used in all experiments. Two scatterers amplitudes with three levels of tissue attenuations
were simulated for both phantoms. We also used several dB ranges for the envelope logarithmic compression to simulate different image contrasts [13]. Some typical images are
shown in Fig. 5 and 6.
In sum, our proposed method was evaluated on 60 realistic simulated ultrasound images
with known ground truth. Table 3 summarizes the results of the comparison of our approach,
and the model called Local Gaussian Distribution Fitting (LGDF) presented in [64].
Experiments on simulated data also confirm our observations about the performance of
the proposed method. The results obtained by the LP+LML method are better than those
of the LGDF model; although, the LGDF model also provides acceptable results, as we
can see in Table 3. Segmentation by LP+LML provides the best results in terms of average
performance and in terms of regularity, and also in terms of standard deviation. The LGDF
model does not fail also in terms of average performance. We have not shown the results
obtained by the global methods because in most cases the curves of the level set fail.
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Fig. 6 Illustrative segmentation results of the local Rayleigh model on simulated US images with different: tissues characteristics, attenuation level and log compression parameters. From top to bottom: Original
images, LGDF model results and proposed approach results.

The performance of the proposed approach compared to the LGDF model can be justified by firstly the edge-based term added to reinforce the detection. Secondly, our energy
function is more localized than the LGDF model. Indeed, the two integrals of the local term
are multiplied by the Dirac function in order to make the calculation only around the neighborhood of the contour and not on the whole image, see Equation (5); while we can see,
in [64] Equation (13), that the integral of the LGDF local term makes calculation on the
whole image.

6 Discussion
The quantitative evaluation of Tables 1 and 2 shows as expected that the use of the GAC
term combined with the region one, provides a significant improvement compared to the
conventional GAC term. This is due to the fact that the exclusive use of the edge detection
techniques do not work on ultrasound images having contrast problems. The region term
significantly improves the detection of edges and avoids local minima of energy. This kind
of problem can be treated using other minimization alternatives other than a simple gradient
descent, see e.g. [60,61].
As we can see, the use of LP+LML improves even more the already good results obtained by GAC+GML. Indeed, the change of intensity is one of the main problems encountered in the application of region-based methods on ultrasound images. On highly noisy
images with local intensity variations, the region term can segment the blood part of the
left ventricle as a single region. Certainly, the underlying assumption of a single tissue with
Rayleigh statistics is not practical in such situations. The additional proposed term, based
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on the phase information, is more robust to attenuation artifacts because it is theoretically
invariant to the change of intensity.
The statistics in Table 1 and 2 suggest that segmentations by the LP+LML method are
not as good as those obtained manually, but still close. This can be explained by what is
seen in Fig. 3, where manual results are more regular, while automated results tend to have
more details. Nevertheless, a large variance is noted. Our analysis on this behavior focuses
mainly on the attenuation on some images that can be a factor influencing the variance. This
reinforces our conclusion regarding the robustness of the proposed approach compared to
other existing alternatives.
Looking at the simulated images results in Table 3, we can observe that although the
measures are not very discriminative between the two models, but globally the local Gaussian model is less competitive in comparison to the local Rayleigh one. This observation is
also demonstrated in Fig. 6.
The radius parameter r is very important for the segmentation process. It can be adjusted according to the image intensity inhomogeneities. It is advisable not to use a very
small value of r to ovoid a high variance in parameter estimation, nor a very large value to
avoid a high bias. This parameter must be relatively small and sufficiently large. Using local
statistics with an adaptive scale selection can be found in [13, 14, 15]. We also note that the
localization adverse effect of FA discussed in the previous section can be corrected by the
local region term.

7 Conclusion
A new model and a computational algorithm to segment B-mode ultrasound images
has been presented. The technique is based on level-set methods and exploits the a priori
knowledge about the statistical distribution of image gray levels. Ultrasound images characteristics, such as attenuation and low contrast, suggest the use of local image properties in
order to improve robustness and accuracy. Conventional global region-based and intensity
gradient-based methods have had limited success on typical clinical images. To avoid this
drawback, local phase-based and local-statistics-based approaches offer a good alternative,
since they make the approach robust to attenuation artifacts. It is within this framework that
we propose an alternative in this paper. The quantitative and qualitative evaluations on natural and synthetic data show, as expected, that the use of phase-based edge detection with
an additional local region term provides a significant improvement with respect to the classical ones of the same nature. The key advantage of this approach is that it is more robust to
intensity inhomogeneities.

A Functional minimization
To compute the first variation of Equation (4), we express F(φ ; x) as F(φ + τψ; x) and take the partial
derivative with respect to τ evaluated at τ = 0. This allows us to represent a tiny differential of movement.
Here, ψ represents a small perturbation along the normal direction of φ weighted by a scalar τ. In agreement
to [54], we obtain
∂
F(φ + τψ; x)
∂τ

Z

=
τ=0

δ (φ (y))B(y; x)
Ω

× FLML (φ ; y; x)ψ(y)dy ,
were FLML (.) is the associated flow equation of F(.) as expressed in (6).

(8)
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Starting from the local energy term RL (φ ) given in (5), we get:
Z

RL (φ ) =

δ (φ (x))F(φ ; x)dx ,
Ω

the tiny differential of movement is given by
∂
RL (φ + τψ)
∂τ

=
τ=0

∂
∂τ

Z
δ (φ (x) + τψ(x))
Ω


× F(φ + τψ; x)dx

.
τ=0

By the product rule, we obtain the following:
Z

δ 0 (φ (x))ψ(x)F(φ ; x)dx

dRL (φ , ψ) =
Ω

Z

+

δ (φ (x))dF(φ , ψ; x)dx ,
Ω

where dF(φ , ψ; x) denotes the directional derivative of F(φ ; x) as presented in Equation (8). δ 0 (φ ) denotes
the derivative of δ (φ ). This term is ignored, because it does not affect the movement of the curve [38]. The
equation of dRL (φ , ψ) becomes:
Z

dRL (φ , ψ) =
(Z
×

δ (φ (x))
Ω

)
δ (φ (y))B(y; x)FLML (φ ; y; x)ψ(y)dy dx .

Ω

By moving the integral over y outside the integral over x we obtain:
Z Z

δ (φ (x))δ (φ (y))

dRL (φ , ψ) =
Ω

Ω

× B(y; x)FLML (φ ; y; x)ψ(y)dxdy .
From this equation it is easy to determine the associated flow:
∂φ
(x) = δ (φ (x))
∂τ

Z

δ (φ (y))B(y; x)FLML (φ ; y; x)dy .
Ω
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