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1. Introduction 

Carotid atherosclerosis is the main cause of brain stroke, which is one of the most common 
neurological diseases in western countries. A distinguishing feature of this disease is plaque 
formation owing to progressive sub-endotelial accumulation of lipid, protein, cellular waste 
products, calcium and other substances in medium and large-sized blood vessel walls. 
Plaques can grow large enough to significantly reduce the blood's flow through particular 
arteries such as the carotid arteries, leading to what is commonly designated as stenosis. 
However, most of the damage occurs when they become fragile and rupture. Plaques that 
rupture cause blood clots to form and travel along circulation possibly blocking smaller 
vessel ahead. If it blocks a blood vessel that feeds the brain, it causes a brain stroke.  
The degree of stenosis is often pointed as the most significant clinical indicator of stroke risk 
and it was until recently the most critical criterion used to determine a surgical intervention 
(Consensus Group, 1995), together with age, health and patient’s clinical history. 
The benefit of surgery for plaque removal, termed endarterectomy, is clearly demonstrated 
for patients presenting high degree of stenosis (more than 60%) (Consensus Group, 1995). It 
was also demonstrated, however, that patients on medical treatment remained free of 
symptoms for a long-time period despite the presence of considerable stenotic lesions. This 
advises for investigating and employing other clinical features for the evaluation of the risk 
of plaque rupture (Barnett et al, 2002; Elatrozy et al, 1998). 
Currently, there are accurate methods to assess the disease severity based on (Wintermark et 
al, 2008) or MRI (Saam et al, 2007). However their application is expensive, time consuming 
and requires equipment which is not yet available and accessible in most clinical facilities. 
On the other hand, 2D ultrasound is widely available and provides real time data-
acquisition and visualization, so it has been so far the preferred technique in the diagnosis 
and monitoring of the disease. 
Plaque echo-morphology assessed through B-mode 2D ultrasound plays nowadays an 
important role in the evaluation of stroke risk in the scope of the atherosclerotic disease. 
In the literature (Kyriacou et al, 2009; Mougiakakou et al, 2007; Sztajzel et al, 2005) several 
methods are described aiming at assessing the risk of plaque rupture based on the average 
echogenicity and texture characterization extracted from 2D ultrasound images of carotid 



 

plaques. Current diagnostic methods present, however, two main flaws. First, the 
computation of echo-morphological features is usually affected by inaccuracy and 
subjectivity associated with data acquisition and operator dependent image selection. On 
the other hand, the analysis of overall echogenicity and texture of the carotid plaque, 
encoded by means of an averaged measure of pixel intensity values and variance, 
respectively, may not be accurate enough in many cases, namely when plaques are 
heterogeneous or present significant hypoechogenic regions. An overall measure of 
echogenicity or texture is incomplete and does not reveal unstable foci inside the plaque 
which should be considered for a correct evaluation of the risk of plaque rupture. Moreover, 
most methods for characterization of plaque echo-morphology do not usually take into 
account the speckle noise which can significantly corrupt the ultrasound data.  
Fundamentals of plaque echo-morphology, including the most noticeable clinical indicators 
and methods for echo-morphological analysis are addressed in Section II. 
Section III delineates a more robust, objective and complete framework proposed by the 
authors. The proposed methodology is based on 3D ultrasound which considers all the 
information contained on the carotids and plaque structures without depending on a 
subjective selection of a particular 2D image for diagnosis. To accomplish this task, a semi-
automatic 3D reconstruction (de-noising) of the plaque is performed and features related to 
echogenicity and texture are computed. A procedure for investigating different textural 
contents and patterns is here investigated by extracting features from estimated speckle 
fields.  
The proposed technique provides diagnostic views not usually accessible via conventional 
techniques and a new set of features useful for accurately study the plaque morphology. To 
complement this clinical information, it is suggested that the presence of vulnerable regions 
inside the plaques, together with their extension and location, may play an important role in 
the early assessment of stroke risk. These vulnerable regions are defined by low 
echogenicity (intensity) and high heterogeneity, quantified by reference values mentioned in 
the literature (El-Barghouty et al, 1996; Elatrozy et al, 1998; Sztajzel et al, 2005).  
For this purpose, a 3D Graph-Cuts based algorithm is described to segment/label the most 
vulnerable (unstable) regions inside the carotid plaque. The algorithm allows to binary 
segment the data by minimizing an energy function that uses spatial correlation among 
neighboring pixels/voxels to remove small misclassified regions. The algorithm, highly 
efficient from a computational point of view, is able to find the global minimizer of this 
huge combinatorial optimization problem. 
The work described by the authors presents an improvement of the 2D based classical 
approach in the analysis of carotid plaques. This 3D based methdology, together with new 
risk indicators and a local labelling of unstable foci within the plaque volume is more robust 
and reduces the subjectivity and operator dependency of the classical method.  
Experimental results presented in Section IV show that this labelling procedure is less 
noisier and favours clustering, being more meaningful from a clinical point of view than the 
one obtained with simple thresholding. 
Section V concludes the chapter and points some potentially meaningful research lines in 
the context of characterization of carotid plaques. 

 



 

2. Fundamentals of Plaque Echo-Morphology 

Besides the classical indicators such as the degree of stenosis, plaque morphology has been 
pointed as a relevant indicator for assessing the risk of plaque rupture. 
2D B-mode (Brightness mode) ultrasound is a widely used imaging tool to assess the degree 
of stenosis as well as the plaque morphology. The two most important parameters to 
characterize the plaque morphology are its echogenicity and texture (Elatrozy et al, 1998). 
The echogenicity is evaluated from the image intensities. A region is called hypoechogenic if it 
appears dark in the image and hyperechogenic if it appears bright. Concerning the texture it is 
usually classified as homogeneous or heterogeneous. 
Several studies were pursued to statistically characterize the morphology of carotid plaques 
in 2D ultrasound (Sztajzel et al, 2005). The Gray-Scale Median (GSM) is one of the most 
important indicators considered on plaque diagnosis and is generally used to classify 
plaques as hypoechogenic (GSM < 32) or hyperechogenic (GSM > 32) (Pedro et al, 2002). The 
total percentage of hypoechogenic pixels (P40), defined as the percentage of pixels with gray 
levels below 40, is also an important measure for the characterization of plaque 
echogenicity. In fact, multiple regression analysis (Sztajzel et al, 2005) has revealed that the 
GSM and the P40 are the most significant variables related with the presence of symptoms. 
Recently, an activity index aiming at quantifying the risk of stroke (Pedro et al, 2002) has 
been proposed. This overall index merges several indicators, such as, plaque overall texture, 
degree of stenosis, global echogenicity and location of hypoechogenic sites across the plaque. 
A vulnerable plaque is associated with thinning of the fibrous cap and infiltration of 
inflammatory cells that lead to plaque rupture. Studies which established a correlation 
between quantitative analysis based on ultrasound B-mode images and histology (Baroncini 
et al, 2006) have suggested that hypoechogenic regions have more lipid and hemorrhage, 
indicating inflammatory activity and therefore instability. Conversely, hyperechogenic regions 
are associated with the presence of stable components. Therefore, the location and extension 
of vulnerable regions throughout the carotid plaque could be a sensitive and relevant 
marker of stroke risk. Analysis of global information about plaque morphology, despite its 
unquestionable usefulness, may not be accurate enough in many cases, namely, when 
plaques are heterogeneous or present significant hypoechogenic regions. An overall measure of 
echogenicity or texture is incomplete and does not reveal unstable foci inside the plaque 
which may be threatening. 

 
3. Methods 

Tissue and organ reconstructions are generally performed by use of two rendering 
techniques: surface and volume rendering. Surface rendering (Meairs & Hennerici, 1999; 
Schminke et al, 2000) can be used to extract the bifurcation walls of carotid arteries and 
quantify the degree of stenosis as well as assess the plaque volume. A volume rendering 
approach (Bullitt & Aylward, 2002) is often used to reconstruct a particular volume of 
interest from which echo-morphological or textural analysis can be further performed. Here, 
a combination of the two approaches is used. First, volume renderings are obtained from 
sets of 2D ultrasound images of the carotid artery. The regions corresponding to 
atherosclerotic plaques are visually detected in several cross-sections taken from the 
obtained volume and then segmented using semi-automatic segmentation methods, e.g. 
active contours (Xu & Prince, 1998) guided by experienced physicians. Surface rendering 



 

employs the interpolation of these contours providing a three-dimensional representation of 
the plaque. 
The data used in this study consists of 3 sets of n = 100 nearly parallel cross-sections of the 
carotid artery, from 3 distinct patients, acquired near the bifurcation where plaque 
formation is more frequent. 
The reconstruction algorithm proposed by the authors in (Seabra et al, 2009) is used. The 
acquisition protocol proposed in the referred publication does not require any additional 
equipment but the conventional 2D ultrasound scanner available in most medical facilities. 
Ultrasound images are corrupted by speckle, which makes data visualization and 
interpretation often a challenging task. The method used here to compute the 3D 
morphology of the region of interest (ROI) containing the carotid plaque is composed of two 
main steps: i) de-noising and ii) reconstruction. In the first step the ultrasound images, 
assumed parallel and evenly spaced, are de-noised with the method described in (Seabra & 
Sanches, 2008). In the second step, these de-noised images are interpolated to estimate the 
3D region of interest containing the plaque. 

 
3.1 De-noising 
The de-noising algorithm, designed in a Bayesian framework, takes into account the RF 
signal compression performed by the ultrasound equipment which changes the distribution 
of the raw data provided by the ultrasound probe known to be, under particular conditions, 
Rayleigh distributed (Eltoft, 2006; Michailovich & Tannenbaum, 2006). 
Here, the following Log-compression model is considered 
 

b1)alog(yz ji,ji,  , (1) 
 
where a  and b  are the parameters to be estimated and account for the contrast and 
brightness adjustments, respectively, performed by the physician during the medical exam, 

ji,z  are the noiseless pixel intensities of the compressed image and ji,y are the pixels of the 

corresponding de-compressed image that are assumed to be Rayleigh distributed . The 
parameters a  and b , estimated directly from the observed noisy images as described in 
(Seabra & Sanches, 2008), are used to invert the transformation (1) and obtain an estimation 
of the original RF Rayleigh distributed data, 
 

a

bji,z

ji, ey


 . (2) 

 
In Fig. 1 it is illustrated the effect of the parameter x on the shape of the Rayleigh PDF. It is 
also shown how the Log-Compression Law, which is an approximation of the ultrasound 
processing block, changes the Rayleigh distribution of the RF data.  
The de-noising algorithm, designed in a Bayesian framework with the Maximum a Posteriori 
(MAP) criterion may be formulated as folllows 
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Fig. 1. Rayleigh probability density functions (PDF’s) for parameters x from 102 to 3106  in 
steps of 102, generated according to (6). PDF’s using 2109x   and different values of a 
and b illustrate the significant change that occurs on the original Rayleigh distribution. 
 
where  ji,x X   is the denoised image and  ji,yY   is the estimated RF signal obtained after 
inverting (1). The energy function  is 
  

(X)EY)(X,EY)E(X, XY  , (4) 
 
where Y)(X,EY , called data fidelity term, pushes the solution toward the data Y  and (X)EX , 
called prior term, regularizes the solution. By assuming statistical independence of the 
observations  the data fidelity term is 
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where  
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is the Rayleigh distribution with parameter ji,x . The prior term is 
 

p(X)log (X)EX  , (7) 
 
By assuming that X is a Markov Random Field (MRF),  
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is a Gibbs distribution where Ω  is the partition function, α  is the prior parameter and 

ji,V are the potential functions associated with the cliques of the MRF, X  (Geman & Geman, 

1984). Therefore, the prior term CVα(X)E
ji,

ji,X  is the so-called Gibbs energy that is here 

proportional to the Total Variation (TV)  of X  (Vogel & Oman, 1998) where 
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are the magnitudes of the discrete gradient of X  at the locations j)(i, . These functions are 
edge preserving because, in relative terms, they penalize more small differences between 
neighbouring pixels due to noise than large differences due to anatomical transitions.  
Details on the estimation procedure are described in (Seabra et al, 2008; Seabra et al, 2009) 
and an example to illustrate de application of the algorithm is displayed in Fig. 2. 
In this step the speckle field is also estimated from the estimated RF and denoised images. 
The speckle noise corrupting the ultrasound images is multiplicative in the sense that its 
variance depends on the underlying signal ji,x . The image formation model may be 

formulated as follows 
 

ji,ji,ji, xηy  , (10) 

 
where ji,x  is the de-speckled pixel intensity at location j)(i,  and ji,y  and ji,η  the 
corresponding pixel intensities of the RF image and the speckle field, respectively. 
In this model, the speckle field  ji,ηη   is independent of the signal as occurs in a common 

Additive White Gaussian Noise (AWGN) model where the noisy pixels, ηXY  , are the sum 

of two independent terms, X  and η . 
In the case of multiplicative noise the operation is not additive but multiplicative as shown 
in (10). The distribution of η  is 
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which is a unit parameter Rayleigh distribution independent of x . The computation of the 
speckle field, η , is performed from the estimated/observed RF noisy image, Y , and from 

the de-speckled field, X , 
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Given this, the authors argue that the de-noising procedure may have a two-fold purpose: 
first, it can provide clearer ultrasound images for better visualization of the structures in the 
image and also a speckle field. The estimated speckle field may be used to perform a more 



 

accurate and objective textural analysis and differentiate between tissues having different 
densities and patterns. 
 

a)   b)  
Fig. 2. Original ultrasound (a) and de-noised (b)  images. 

 
3.2 Reconstruction 
The 3D reconstruction of the ROI containing the plaque aims at estimating a 3D field, 

 pfF   from the denoised images computed in the previous step,  t
ji,

t xX  , where t  

denotes the tht image in the sequence of evenly spaced parallel ultrasound cross sections 
and k)j,(i,p   represents a node index in the 3D matrix F . The node locations of F , pf , 

and the locations of the pixels of ,tX  t
ji,x  do not necessarily match and therefore an 

interpolation process is required. Furthermore, some nodes may not be observed which 
poses a problem of missing data. The following approach is proposed. 
Let us consider each voxel as the cubic region, centred at the location of the node pf , 

pμ with dimensions )Δ,Δ,(Δ 321  and the locations of the denoised pixels t
ji,x , t

ji,τ . Let 

 )(μSτ:xΣ p3Δ,2Δ,1Δ
t

lr,
t

lr,p   be the set of all pixels inside the neighbourhood (voxel) 

)(μS p3Δ,2Δ,1Δ of the node pf displayed in Fig. 3.  

In a first step a 3D volume,  pzZ   with the same dimensions of X , is computed where 

each element pp Σz   is the weighted mean of the set pΣ where the weights are the 

normalized distances of the pixel locations to the centre of the 
voxel,   

r r
prrprp )μτ)/(xμτ(z  where rτ  denotes the location of the thr pixel within 

the set pΣ . Therefore, each element of Z contains the average intensity of the pixels within 

the voxel. However, some elements of Z  may be undefined when there are no observations 
(pixels) inside the voxel. In this case an interpolation is needed. This missing data problem 
may be solved by minimizing the following energy function 
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Fig. 3. Voxel representation associated with the node pf (grey), located at pμ , and several 

image pixels,  at locations r
pτ  in its neighbourhood (red). 

 

where k)j,(i,p   and      21kj,i,kj,i,
2

k1,ji,kj,i,
2

kj,1,ikj,i,p ffffffg    is the gradient 

magnitude of F at the voxel p  and pn  is the number of observations (pixels) associated 

with the voxel p . The minimization of (13) may be iteratively solved by optimizing with 

respect to one unknown at a time, which leads to the following recursion 
 

  1t
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t
p f)β(n1)zβ(nf  , (14) 

 
where t()  denotes the iteration t ,  1t

pf  denotes the mean value of the neighbours of pf  

computed in the iteration 1-t , pn  is the number of image pixels inside the voxel and 

vp

p
p

αNn
n

)β(n


 is a regularization parameter function, displayed in Fig. 4, depending on 

pn , on the number of neighbours of pf , 6Nv  ,and on the tuning parameter α .  

The equation (13) reveals the underlying interpolation mechanism performed during the 
minimization of the energy function (12). Each new estimates of F , tF , depends on the 
previous one, 1tF  , and on the field of the mean pixel intensities, Z , computed in the 
previous step. As large is the number of pixels associated with a given voxel, pn , as close to 

one is the parameter β , which means, in the limit, p
t

p zf  . Conversely, a small number of 

observed pixels leads to small values of β , which means that the new estimates of t
pf is 

computed part from pz and part from the neighbours, 1t
pf   computed in the previous 

iteration. In the limit, when no observations are available, 0β  , and the new estimate is 
1t

p
t
p ff  , that is, it is equal to the mean intensity of its neighbours. This method adopts the 

following strategy: when a large number of observed pixels are available for a given voxel 
its value is mainly computed from Z  and when the number of observations is small or even 
zeros the estimates of pf is obtained mainly from the neighbourhood. 
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Fig. 4. Regularization parameter function depending on the number of observed pixels. 

 
3.3 Feature Extraction 
The volume field F describes the value of the Rayleigh parameter across the volume of 
interest containing the carotid plaque and it may be used to compute local intensity and 
textural indicators that characterize the components and tissues of the plaque.  
Traditionally, plaque characterization is based on statistics computed from the observed 
noisy pixels. Here, instead of computing these indicators from the noisy data, the 
characterization is based on statistical estimators depending on F containing the Rayleigh 
parameters associated with the RF estimated data throughout the whole plaque.  
The echogenicity and texture measures are derived from statistical estimators for the mean 

(p)fμ , median (GSM) (p)fv , standard deviation (p)fσ  and percentile 40 (p)fP40  depending on 

pf  where k)j,(i,p  . These statistics, derived form the Rayleigh distribution (Abramowitz 

et al., 1972), are given by 
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Four 3D matrices are build containing the values of these estimators at each 
location k),j,(i,p   μF , vF , σF and P40F . By averaging the elements of these 3D matrices, 

global indicators about the plaque can be computed. The global ecogenecity of the plaque is 
the mean of μF , μF and the global textural characterization is the average of the other 

matrices, vF , σF  and P40F . 

 
3.4 Local Characterization by use of Graph-Cuts 
The global characterization of carotid plaques, described in the previous section by 
averaging the statistical estimators in (15), despite its unquestionable usefulness may not be 



 

enough for a correct assessment of plaque vulnerability, especially in cases where the plaque 
is significantly heterogeneous or is plagued by artefacts.  
Here a local based characterization approach is proposed. The goal is to use the statistical 
estimators (15) to assess the risk of plaque rupture on a local basis. The method allows to 
identify sites within the plaque whose features (hypoechogenicity and heterogeneity) point 
towards potential foci of vulnerability. 
The classification of the plaque at each location k)j,(i,p   can be made by thresholding 

where the elements of the matrices μF , vF , σF and P40F are binarized according to a threshold 

defined by the physician (El-Barghouty et al, 1996; Pedro et al, 2002). The resulting 3D maps 
characterize locally the plaque with respect to each indicator. 
This thresholding algorithm is simple but does not take into account spatial correlation 
between neighbouring nodes because the process is performed in a voxel-by-voxel basis. 
Here, a more sophisticated and accurate method is used where the labeling procedure 
considers the intensity value of the statistical function at location p  and also the values of 

its neighbouring nodes. The spatial correlation is introduced in order to reduce the 
misclassification rate by assuming that the plaque is composed of homogeneous regions 
separated by abrupt transitions. This assumption is acceptable from an anatomical 
perspective and is usually adopted in de-noising and de-blurring algorithms on medical 
imaging. 
Let pf be the estimated value of F  at the thp  node. The labeled maps, L  with 

 40Pσ,v,μ,τ  , are defined on a plane-by-plane basis, i.e. each plane is labeled 

independently of the others. The segmentation is binary, which means  0,1L(p) where 

L(p)  is the thp node of L .  

The labeling procedure of the whole volume is performed in three steps, as depicted in Fig. 
5: (i) all stacked planes along the vertical direction are independently labeled, (ii) all stacked 
planes along the horizontal direction are independently labeled, and (iii) both volumes 
obtained in the previous steps, vL and hL , are fused by making hv LLL   where    
denotes the element wise Boolean product. 
The labeling process of each plane is performed by solving the following optimization 
problem 
 

L),,E(FminargL τ
L

τ   (16) 

 
with the energy function being given by 
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where τλ is the threshold associated with the indicator τ  and θ  is a parameter to tune the 
strength of smoothness, pg~  is the normalized gradient at location p , and vp and hp  are the 

locations of the causal vertical and horizontal neighbours of the thp node. )l,V(l 21  is a 

penalization function defined as follows 



 

 
Fig. 5. Labeling procedure performed on a plane by plane basis in two steps, providing 

vL and hL . 
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The energy function is composed of two terms: the first called data term and the second 
called regularization term. The first forces the classification to be 1L(p)   when 

τp λf  because the corresponding term in the energy function (17) is smaller when 

compared with the one if 0L(p)  . The opposite occurs if τp λf  . The second term forces 

the uniformity of the solution because the cost associated with uniform labels is smaller than 
with nonuniform ones (see (18)). In order to preserve the transitions the terms are divided 
by the normalized gradient magnitude of pf , pg~ .Therefore, when the gradient magnitude 

increases the regularization strength is reduced at that particular location. 
The minimization of (17) formulated in (16) is a huge optimization task performed in the 

NMΩ  high dimensional space where  0,1Ω   is the set of labels and N and M are the 
dimensions of the image.  
In (Kolmogorov & Zabih, 2004) it is shown that several energy minimization problems in 
high dimensional discrete spaces can be efficiently solved by use of Graph-Cuts (Boykov, 
2001) based algorithms. Opportunely, the energy function given in (17) belongs to this class 
of problems. The authors have designed a very fast and efficient algorithm to compute the 
global minimum of the energy function.  

 
4. Experimental Results 

In this section results from synthetic and real data are presented. Fig. 6 shows an example of 
application of the de-noising/reconstruction procedure, where a log-compressed ultrasound 
image and its corresponding estimated RF and de-speckled images are displayed. The log-
compressed image was created by use of an echogenicity model of a synthetic plaque 
(regarded as a matrix of Rayleigh parameters) which was corrupted with Rayleigh noise and 
then processed according to the Log-Compression Law in (1). Given this result, the de-
speckled image is regarded as a “clean” image, which is suitable for visualizing the 
underlying structures of interest. However, it may have a second interpretation: in fact, it 
represents a matrix of localwise estimated Rayleigh parameters. 



 

 
Fig. 6. Reconstruction procedure applied to a synthetic plaque. Log-compressed ultrasound 
image was used to estimate the RF image (middle) and its de-speckled version (right). 
 
Fig. 7 displays the signal (pixel intensities) along a particular path (see Fig. 6). The signal is 
overlapped with the real Rayleigh parameters fO which are part of the echogenicity model 
and the estimated ones, fp, taken from the de-speckled image. This result clearly shows the 
ability of the de-speckling algorithm to reduce speckle while preserving the important edges 
of the image. The PDF’s originated from the averaged values of the estimated Rayleigh 
parameters computed within portions R1, R2 and R3 (see Fig. 6) were also computed. The 
histograms taken from each portion were overlapped with the PDF’s to show the efficiency 
of the de-speckling algorithm on estimating correctly the Rayleigh parameters which model 
the data. Given this observation, the authors argue that the parameter of the Rayleigh 
distribution can be used to perform echo-morphological analysis of the tissue because it is a 
feature which clearly varies from one region to another in the image.  
Although textural characterization is beyond the scope of this work, an example to illustrate 
the potential usefulness of the proposed methodology for textural characterization of the 
tissues, in particular of the carotid plaque, is here shown. 
Fig. 8 shows results of the extraction of texture information from the speckle field of a 
synthetic image of a plaque presenting distinct pattern regions. Each image quadrant was 
convolved with a Gaussian mask of different size to simulate distinct smoothness levels. 
First, a de-speckled image is estimated where clearly the texture pattern was removed and 
only only echogenicity information from the plaque is visible. To retrieve potential 
significant information encoded in the speckle field a wavelet decomposition of the speckle 
image is computed to obtain the relative importance of approximation )E/(EEE daaa   

and detail )E/(EEE dadd  energies. Fig. 8 (right) depicts the corresponding speckle field 

together with the computed approximation and detail energies. From the speckle field it is 
clearly visible that this image is not affected by the information encoded in the echogenicity 
(intensity) of the synthetic plaque, providing a suitable field for textural analysis. Higher 
percentages of approximation energies are obtained for the 2nd and 3rd image quadrants, 
which visibly correspond to smoother regions. On the other hand, detail values are 
particularly higher for the apparently noisier 4th quadrant. 
In the remainder of this section, we present a set of four examples of application of the 
labeling method based on Graph-Cuts to characterize the echo-morphology of carotid 
plaques on a localwise basis, where two of them use synthetic data while the remaining two 
use real ultrasound data. 



 

 
Fig. 7. Representation of a noisy signal (path extracted from Fig. 6) and the corresponding 
real fO and estimated rayleigh parameters fp. Histograms and PDF’s originated with 
averaged values of rayleigh parameters extracted from R1, R2 and R3. 
 

 
Fig. 8. Extraction of texture information from the speckle field. (Left) Synthetic plaque, 
presenting regions with distinct texture patterns. (Middle) De-speckled image, where only 
anatomical information (echogenicity) is visible. (Right) Speckle field, from where 
approximation and detail energies were computed within each four regions by use of 
wavelet decomposition. 
 
In the first example depicted in Fig. 9, the previously referred synthetic plaque was used to 
illustrate the Graph-cuts based labeling procedure. Here, the number of classes to detect 
given as input to the algorithm was 3 and the data term associated with the energy function 
to minimize was simply the image intensities. This simple example provides an illustration 
of how the Graph-cuts labeling algorithm is able to correctly label the different parts of the 
image. 
The performance of the reconstruction and labeling algorithms was also evaluated with a 
"stack" of synthetically generated echogenicity models of the plaque. This time, the 
distinction between the different regions in the volume was made harder, and almost 
impossible after corruption with Rayleigh noise. Not only is the algorithm able to attenuate 
the speckle, providing a clearer reconstructed volume than the original one, but also allows 
us to identify the synthetically generated vulnerable hypoechogenic (dark) regions across 
the plaque. Moreover, the true rayleigh parameters associated with these regions (fp = 20)  



 

 
Fig. 9. Illustration of labeling based on Graph-cuts using a synthetic plaque corrupted with 
Rayleigh noise. The different regions are correctly labeled 
 

 
Fig. 10. Reconstruction and labeling using a 3D synthetic carotid plaque (a). Potentially 
vulnerable regions (two hypoechogenic (fp = 20) and one mid-gray (fp = 35) were created. (b) 
Carotid plaque, after being corrupted with Rayleigh noise. (c) De-speckled volume of the 
plaque, and (d) vulnerable sites were correctly labeled. 
 
were correctly recovered by use of the labeling procedure based on Graph-Cuts where 

20fλ   in (17). 
In the third example, the labeling is performed in two longitudinal ultrasound images 
showing carotid plaques (see Fig. 11(a)). The segmented carotid plaques (see Fig. 11(b)) were 
characterized according to the labeling methods based on thresholding and Graph-Cuts (see 
Figs. 11(c-d)). In this example the original noisy images were used and a threshold value of 
32 (gray-scale: 0−255) was employed to locally characterize the plaque echogenicity.  
It is observed that a characterization based on a simple thresholding of the pixel intensities 
leads to labeled images with a great amount of noise, which are not realistic from a clinical 
point of view. In fact, physicians aim at identifying particular regions of vulnerability across  



 

 
Fig. 11. Original ultrasound images (a) and segmented plaques (b). Labeling of plaques, by 
use of thresholding (c) and Graph-Cuts based methods (d). 
 
the carotid plaques, where isolated or dispersed pixels (here termed outliers) are not 
expected to occur. It is verified (see Fig. 11(d)) that the labeling based on Graph-Cuts is less 
noisier and favors clustering, being more clinical meaningful than the one obtained with 
simple thresholding. 
In the last example, three reconstructed real carotid plaques were locally characterized 
according to the previously described statistical indicators depending on the estimated 
parameters fK of the Rayleigh distribution. The statistical estimators considered in this 
example are fσ and fP40. 
Published studies (Pedro, 2002) in the carotid plaque characterization field suggest that 
hypoechogenic regions, corresponding to instability foci, have GSM < 32 and P40 > 43%. 
Fig. 12 displays the labeling of potentially dangerous sites inside the plaque, using the two 
labeling methods described in this paper (thresholding and Graph-Cuts). It is again observed 
that the labeling using graph cuts allows to better discriminate the regions of interest across 
the carotid plaques. 
Volumes labeled with Graph-Cuts appear less noisier than when the threshold method is 
used. This suggests that the use of graph-cuts may improve the characterization of carotid 
plaques, namely by providing a more appropriate identification and definition of unstable 
regions across the plaque. As it is pointed out (Pedro, 2002) the degree of extension of these 
unstable regions as well as their location throughout the plaque should be considered and 
used as markers of risk of plaque rupture and thus of stroke risk.  



 

 
Fig. 12. Representation of echo-morphology of three different plaques encoded in fp. 
Comparison of two labeling methods based on - thresholding and Graph-Cuts - computed 
with the local Rayleigh estimators of median fσ(x) and fP40(x). 

 
5. Conclusions 

Echo-morphology of atherosclerotic plaques as described by its echogenicity and texture 
assessed through ultrasound is nowadays considered a powerful indicator of stroke risk.  
The authors present a robust, objective and complete methodology which consists of 3D 
reconstruction of the plaque and extraction of features related to plaque echogenicity and 
texture. It is shown that the Bayesian estimation method, employed for reconstruction/ de-
noising is able to correctly estimate the parameters of the Rayleigh distribution and that 
these vary significantly from one tissue/ component to another. 
An example showing the extraction of textural features from estimated speckle fields 
suggest its usefulness toward the textural characterization of the plaque tissues/ 
components. 
Moreover, it is proposed a new approach to overcome the major limitations of an averaged 
characterization of the plaque composition by computing local indicators derived from 
Rayleigh statistics obtained from the noiseless reconstructed images/volumes containing 
the plaque. This method uses a fast computational labeling algorithm based on Graph-cuts to 
improve the segmentation of potential foci of instability across the plaques. Results show 
that the labeling method is less noisier and favors clustering, being more clinical meaningful 
than using simple thresholding.  
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