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ABSTRACT  

An automated method for a robust and accurate quantification of extra-coronary calcium 
deposits, present in the thoracic aorta, is introduced through this work. This procedure is 
based on a novel technique for localization and segmentation of ascending and 
descending aorta in non-contrast cardiac CT images using dynamic programming 
principles. The localization of the aortic centerline problem is approached by the searching 
an optimal combination of points from the Hough space of each slice, using dynamic 
programming concepts. The problem of identifying the aortic contour is redefined as 
finding the optimal horizontal boundary path –also by means of dynamic programming- in 
the polar space obtained through the appropriate transformation from the original 
coordinate space. The calcium deposits within the obtained aortic contour are determined 
by thresholding and component labeling. The final results of this method were found to be 
accurate when compared with manual annotations of the aortic boundary and aortic 
calcifications. The accuracy of the localization and segmentation stages were evaluated in 
terms of aorta location, boundary distance and volume overlap; while the accuracy of the 
calcium detection stage was assessed in terms of Agatston score, plaque volume and 
number of lesions. 

Key words: aorta; calcification; cardiovascular disease; computed tomography; dynamic 
programming; segmentation. 
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RESUMEN 

Un método automatizado para la robusta identificación y cuantificación de depósitos extra-
coronarios de calcio localizados en la aorta torácica, es presentado en este trabajo. Este 
procedimiento se basa en una novedosa técnica para la localización y segmentación de la 
aorta ascendente y descendente en imágenes tomográficas sin contraste, usando 
principios de programación dinámica. El problema de localización de la aorta se formula 
como la búsqueda de una combinación óptima de puntos en el espacio obtenido por la 
transformada Hough en cada imagen del estudio, y se soluciona usando conceptos de 
programación dinámica. El problema de identificar el contorno de la aorta se redefine 
como la búsqueda de una trayectoria horizontal óptima -usando nuevamente 
programación dinámica- en el espacio polar obtenido por medio de la apropiada 
transformación del espacio coordinado original. Los depósitos del calcio dentro del 
contorno aórtico obtenido son identificados utilizando un valor umbral y etiquetación de 
objetos. Los resultados finales de este método se encontraron certeros al comparárseles 
con anotaciones realizadas manualmente del borde de la aorta y de sus respectivas 
calcificaciones. Los resultados obtenidos en las etapas de localización y segmentación 
fueron evaluados en términos de la distancia entre centros, distancia entre contornos y 
superposición de volúmenes; mientras que la precisión de la etapa de detección del calcio 
fue determinada en términos de la puntuación de Agatston, el volumen de las 
calcificaciones y el número de lesiones. 

Palabras clave: aorta; calcificaciones; enfermedad cardiovascular; tomografía axial 
computarizada; programación dinámica; segmentación. 
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INTRODUCTION 

In the developed world, cardiovascular disease (CVD) is the primary cause of death. 
Different studies have demonstrated that the coronary artery calcium (CAC) has an 
incremental predictive value over atherosclerotic coronary artery disease (CAD). Such 
calcifications can also occur throughout the aorta, and studies have shown the association 
of these extra-coronary calcium deposits with an increased risk of CVD. Nevertheless, 
larger studies are needed in order to evaluate the presence of thoracic aorta calcium as a 
new predictor of CVD and its inclusion as a factor for cardiovascular risk assessment.  

Standard non-contrast cardiac CT scans are currently used for the detection of CAC. 
Additionally, they can also be used on the identification of thoracic aorta calcifications, 
avoiding the need of performing additional scans, which is especially beneficial while doing 
retrospective studies, and protecting the patient from unnecessary radiation exposure. 

Currently, image experts manually annotate the calcifications, which become a 
cumbersome and time-consuming task. To reduce the burden of labor, an automated tool 
for aortic calcium detection and quantification is necessary. This tool will also eliminate any 
inter- and intra-observer variability, which is indispensable in longitudinal studies. 

In this work1, a fully automated method for automated detection and quantification of 
aortic2 calcium deposits, aided by the segmentation of thoracic aorta in non-contrast 
cardiac CT images, is described. Dynamic programming concepts are utilized to 
reformulate the problems of localizing and segmenting thoracic aorta as optimal path 
detection problems constrained by certain cost functions.  

A three-stage method is proposed. First, a novel method for localization of the aorta, using 
Hough space as a medialness feature space and applying dynamic programming to obtain 
the centerline of the aorta, is used, taking advantage of the circular shape of the aorta in 
axial images, and obtaining an estimated position and size. A refined aortic contour is 
detected by using a dynamic programming approach for boundary tracing in the second 
stage. Finally, having the segmentation of the thoracic aorta, thresholding and component 
labeling are used in the third step to detect calcifications. The quantification is done by 

                                                

1 Part of this work was published in [1] Kurkure U, Avila-Montes OC, Kakadiaris I. 
Automated Segmentation of Thoracic Aorta in Non-Contrast CT Images. IEEE 
International Symposium on Biomedical Imaging 2008(in print): p.. 

2 It is implied both ascending and descending aorta whenever this work refers to the aorta. 



14 

 

computing Agatston score and plaque volume of each lesion, and by obtaining the number 
of lesions of a complete scan. 

A description of this work objectives and the problem that motivated the author’s 
engagement in this project is detailed in the first section. The remaining part of this work is 
organized as follows.  In Chapter 2, background information referring the thoracic aorta, 
calcium quantification methods and several digital image processing techniques, is 
presented. Chapter 3 provides a thorough explanation of the proposed algorithms for 
automated localization and segmentation of the aorta and quantification of calcifications. 
Chapter 4 displays the experimental results obtained by applying the method proposed in 
Chapter 3 to clinical data; showing geometric and clinical validations of the automated 
method by comparing its results with manual annotations of aortic boundary and aortic 
calcifications performed by an expert. The main points of this work are stated in Chapter 5, 
as well as the results of the proposed methodology. Finally, this work is concluded in 
Chapter 6 by commenting on the limitations of the proposed method and a discussion of 
future research areas.  
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1. PRELIMINARIES 

1.1 PROBLEM 

Cardiovascular disease (CVD) is the leading cause of death in the developed world [2] and 
in Colombia [3]. Of various contributors to CVD, coronary artery disease (CAD) remains 
the most significant [2]. 

Traditional methods for detecting CAD rely on the evaluation of patient symptoms, the 
identification of elevated levels of cholesterol or abnormal blood lipids, physiologic 
responses to stress as identified on electrocardiograms or echocardiograms, and results of 
radionuclide perfusion imaging or coronary angiography. However, all these methods, with 
the exception of test for blood lipids, require the presence of established stenoses within 
the coronary artery to yield positive results [4]. 

Calcification in coronary structures, on the other hand, is a recognized marker for 
atherosclerotic coronary artery disease [4-6]. These calcifications can occur also in several 
extra-coronary structures including various sites along the aorta, and can be classified as 
involving the ascending aorta, the aortic arch, the descending aorta, and the abdominal 
aorta [7].  

Aortic Calcification (AC), as measured radiographically, has been associated with an 
increased risk of CVD [8]. However, the limited resolution of plain X-rays may provide low 
sensitivity detection for AC [2]. 

These calcium deposits are detectable with numerous imaging modalities, including 
computed tomography (CT). The main potential advantage of CT imaging, apart from 
being non-invasive, is the potential ability of visualization of the coronary artery wall and 
not only the artery lumen [9], and it is tremendously sensitive for the detection of calcium, 
exhibiting much greater detection rates than either fluoroscopy or conventional/digital 
radiography [5]. However, there just few published data on the relationship between aortic 
calcification assessed by computed tomography and subsequent CVD [6, 8].   

Therefore, a tool that allows accurate measurements of calcification within the ascending 
and descending aorta walls, using cardiovascular CT images, it’s needed. This tool will 
allow further studies to determine its relationship with the risk of cardiovascular events. 
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1.2 OBJECTIVES 

1.2.1 General Objective 

Develop a computational framework to perform automated detection and quantification of 
extra-coronary calcifications in the ascending and descending aorta in non-contrast 
cardiac CT images. 

1.2.2 Specific Objectives 

o Estimate the initial position of the ascending and descending aorta in cardiac CT 
images 

o Segment and track the ascending and descending aorta in cardiac CT images 

o Detect extra-coronary calcium deposits in the ascending and descending aorta 

o Measure and quantify the calcifications in the ascending and descending aorta 

o Validate the results obtained from the automated method 

1.3 MOTIVATION 

In current practice, coronary and extra-coronary calcifications are manually identified and 
detected in CT datasets using semi-automated computer-assisted methods. The operator 
manually places a Region-of-Interest (ROI) surrounding the target region, then the 
software filters the image by the application of a threshold, aiding in the identification of 
calcifications.  

Even though this procedure significantly facilitates the software in localizing and analyzing 
the calcium deposits, the operator is required to manually outline all the relevant objects in 
all the images. This procedure is very tedious and time-consuming, requires expert 
knowledge and is subject to intra- and inter-observer variability, which can lead to errors 
and loss of reproducibility on follow-up scans. When larger group studies are made, this 
procedure becomes infeasible. 

The automated computational framework will reduce the manual labor, will facilitate testing 
of multiple hypotheses with cardiac CT imaging data and will produce more accurate 
results. Nonetheless, the automated detection of aortic calcium requires segmentation of 
the ascending and the descending aorta.  

Even though significant research has been carried out with regard to aorta segmentation in 
magnetic resonance (MR) images [10, 11], no methods were found in literature concerning 
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the automated segmentation of thoracic aorta in non-contrast cardiac CT scans, to the 
best of the author’s knowledge. 

When comparing images obtained through MR and images obtained through non-contrast 
CT, the latter suffer from lack of contrast between blood pool regions, muscle walls and 
pericardial fat, yielding on a complex domain for the aorta segmentation task. 

 



18 

 

2. THEORETICAL BACKGROUND 

2.1 THE AORTA 

2.1.1 Anatomy and function 

The aorta is the largest artery in the human body which arises from the upper part of the 
left ventricle, extends to the bifurcation of the iliac arteries, and serves to supply the 
oxygenated blood to the tissues of the body for their nutrition [12]. The aorta is one 
continuous conduit, however, is commonly divided into several sections depicted in Figure 
2-1: 

o Ascending aorta: is originated at the upper part of the left ventricle and ascends for 
a short distance, extending to the arch of the aorta. It has two branches: the right 
and left coronary arteries, which supply blood to the heart [12]. 

o Arch of the aorta: is the continuation of the ascending aorta. It runs upward, and 
then it arches backward and to the left side, over the root of the left lung [12]. 

o Descending aorta: is continuous with the aortic arch and descends within the 
thorax on the left side of the vertebral column. The descending aorta gives off 
numerous branches that supply oxygenated blood to the chest cage and the 
organs within the chest [12]. 

o Abdominal aorta: after entering the abdomen through the aortic hiatus in the 
diaphragm, the descending aorta becomes the abdominal aorta, and it travels 
down the posterior wall of the abdomen in front of the vertebral column, ending by 
splitting into two great arteries: the right and left common iliac arteries. The 
abdominal aorta supplies oxygenated blood to all of the abdominal and pelvic 
organs and the legs [12]. 

2.1.2 Aorta by Computed Tomography 

Computed tomography (CT), is a medical imaging technique that produces thin cross-
sectional views of the body using X-rays. The image is created when a detector array 
collects the amount of radiation transmitted by a collimated X-ray beam that passes 
through a slice of the body at multiple angles (Figure 2-2). The attenuation of the X-ray 
beam, which depends on the density and the atomic number of the material being imaged, 
is digitalized using filtered back projection, and mapped to the Hounsfield scale where -
1000 HU is air, 0 HU is water and +1000 HU is bone cortex [7].  
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Figure 2-1: The Aorta and its sections. © 2008 Nucleus Medical Art, Inc. 

 

Figure 2-2: Cardiac CT. © 2006 Yale University School of Medicine. 
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Figure 2-3: (a) Non-contrast enhanced CT image, and (b) Contrast-enhanced CT image. 
Images from [13]. 

Cardiac CT is a noninvasive imaging test that provides tomograms of the heart, allowing 
the visualization of the heart anatomy, coronary circulation, and great vessels like the 
aorta. Contrast-enhanced studies, as depicted in Figure 2-3 (b), can be used to evaluate 
cardiac chambers or estimate ejection fraction, while non-contrast studies, as depicted in 
Figure 2-3 (a), can detect the presence of calcium deposits [7]. 

Typically, cardiac CT datasets (like the one depicted in Figure 2-4) start at the level of 
pulmonary artery (PA), since the coronary arteries start just below, and end at the apex of 
the heart. The aortic arch is not imaged, unless is necessary, to minimize the radiation 
exposure. Throughout the cardiac examination, the ascending aorta (AAo) is usually 
located in the center of the chest and the descending aorta (DAo) can be found next to the 
spine, which makes them easier to identify [7]. 

Moving caudally we can see the right ventricle (RV) and the left atrium (LA). More caudally 
the origin of the left main coronary artery (LMCA) and the right coronary artery (RCA) 
appear (see yellow arrows at Figure 2-4). Traversing down even more the images, other 
structures like the left ventricle (LV) and the right atrium (RA) can also be seen. 

2.1.3 Aortic Calcification 

Our current cardiac risk assessment model, traditionally based on conventional risk 
factors, fails in the detection of subclinical disease in asymptomatic patients [14]. 
Therefore, over the past few decades there has been a focus on markers that may have 
incremental prognostic value. The presence of coronary calcium deposits has 
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demonstrated to be one of these powerful markers, because of its significant predictive 
value for atherosclerosis in both asymptomatic and symptomatic individuals [15, 16]. 

Calcium deposits can also be present in several extra-coronary structures including 
various sites along the aorta (see red arrows at Figure 2-4), and several studies have 
found that aortic calcification (AC) can increase cardiovascular morbidity and mortality [2, 
17, 18]. 

By using chest x-rays, the Framingham Study [18] demonstrated the association between 
cardiovascular disease (CVD) and the presence of calcifications in the thoracic aorta. 
Nonetheless, conventional chest x-ray films have lower sensitivity than computed 
tomography to assess AC [2]. More large studies using CT to evaluate the incremental 
prognostic value of AC are necessary [8]. 

2.2 CALCIUM QUANTIFICATION 

2.2.1 Agatston Scoring 

This calcium quantification technique was introduced by Agatston et al. [19]. To calculate 
the calcium burden, a threshold of 130 Hounsfield units is used to identify the calcified 
lesions. Then, a scoring system is employed to assess the severity of each calcification by 
obtaining the product of the lesion’s area and a weighting factor (Table 1) that is based on 
the maximum lesion’s intensity. The sum of the scores for all lesions yields the total 
Agatston score. 

Highest intensity (HU) Weighting factor
< 130 0

131 - 200 1
201 - 300 2
301 - 400 3

> 400 4  

Table 1: Weighting factor for Agatston score. 

2.2.2 Volume Scoring 

A volumetric scoring was introduced later by Callister et al. [20]. In this method the input 
data set is sampled at several intermediate cross sections between the original slice, 
obtaining isotropic volumes. A numeric value is assigned to each voxel based on linear 
interpolation. The volume of lesions above a 130 HU threshold is computed, and the score 
for all lesions is summed to obtain the total volume score. 
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Figure 2-4: Aorta by CT. Sequential 3 mm slices from a non-contrast cardiac CT scan 
study. This study depicts the course of ascending (AAo) and descending aorta (DAo). The 
white calcifications are seen (red arrows). The left main coronary artery (LMCA) and the 

right coronary artery (RCA) are also seen (yellow arrows). 
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2.2.3 Mass Scoring 

Absolute mass scoring requires having a calcium phantom with different known 
concentrations of calcium hydroxyapatite, because a relationship between the CT 
attenuation and the reference calcium concentration needs to be obtained. In this method, 
the calcium concentration within the calcification is computed based on this known 
relationship. Then, the mass is calculated by multiplying the obtained calcium 
concentration and the calcified plaque volume [21]. 

2.3 IMAGE PROCESSING 

2.3.1 Image Enhancement 

As such, the principle objective of image enhancement methods is to accentuate, smooth 
or sharp image features for display, analysis or further processing. Since enhancement 
techniques are problem oriented, it is required knowledge of the application context for 
their development. These techniques can be performed in the frequency domain by 
modifying the Fourier transform of the image or in the spatial domain by direct 
manipulation of the pixel information [22]. 

o Gray Scale Transformations: 

In this process, the original gray level values of the pixels are taken and modified 
by a mapping equation, regardless the location of the pixels in the image. These 
transformations are denoted by the expression: 

 , ,x y x ys T r   (2.1) 

Where r  and s  are the input gray level and the output gray level of a point  ,x y , 

respectively, and T  is a gray level transformation function that maps the value r  
into s . These mathematical functions are typically linear, but there are also non-
linear equations which can be modeled by piecewise linear models [22]. 

o Image Smoothing:  

These methods are used to suppress the effects of image noise, spurious pixel 
values, missing pixel values, etc [23]. A number of image smoothing techniques 
have been developed by various researchers; in this section only Gaussian filtering 
and anisotropic diffusion are considered. 
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The Gaussian filter operator is a linear spatial smoothing filter that removes noise 
from an image and does not introduces new features to it. The derived image I  is 

obtained by convolving the original image 0I  with the Gaussian kernel G : 

     0, , , ; ,I x y I x y G x y     (2.2) 

where x , y  are the image coordinates and   is the variance of the associated 

probability distribution [23]. 

A serious disadvantage of Gaussian smoothing is the fact that it does not only 
smooth noise, but since it does not respect region the natural boundaries of objects 
or small structures, it also blurs important features such as edges and makes them 
harder to identify [24]. 

To overcome the undesirable effects of linear diffusion filtering methods, Perona 
and Malik [24] proposed a nonlinear anisotropic diffusion technique to smooth an 
image, which has been used in numerous applications [25, 26], and can be used as 
a pre-processing step to an intensity-based segmentation technique. 

Having  , ,I x y t  as the two-dimensional image  ,I x y  at time t , with initial 

conditions    0, ,0 ,I x y I x y  where 0I  is the original image, the anisotropic 

diffusion equation can be written as: 

      

    
, , , , , ,

, , , ,

I x y t div c x y t I x y t
t

c x y t f I x y t


 


 

 (2.3) 

where div  indicates the divergence operator,  , ,I x y t  is the gradient 

magnitude of the image I  and  c   is the function that determines the way the 

diffusion process takes place. Originally, two different diffusion functions were 
proposed by Perona and Malik [24]: 

   
2

1

, ,
, , exp

I x y t
c x y t



         
  (2.4) 
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where   is a constant value that controls the influence of the intensity gradient on 
the conduction. The scale-spaces generated by these two functions are different: 
the function (2.4) favors high-contrast edges over low-contrast ones and the 
function (2.5) favors wide regions over smaller ones. 

This technique encourages intra-region smoothing while inhibiting inter-region 
smoothing. Within a region, the nonlinear anisotropic diffusion filter behaves almost 
like a linear spatial smoothing filter, reducing its diffusivity at those locations having 
a larger likelihood to be edges. Therefore, homogeneous regions and irrelevant 
data get smoothed, and boundaries remain sharp [27]. 

o Image Sharpening: 

These methods are used to bring out fine details and edges in an image by 
increasing the contrast with the neighboring pixels. In principle, image sharpening 
consists in obtain high-frequency components by applying a high-pass filter to the 
original image, and then add a scaled version of the high-pass filter output to the 
original image [28]. Therefore, the sharpening operator can be denoted by the 
expression: 

 , , ,x y x y x ys r cF r    (2.6) 

Where r  and s  are the original pixel value and the sharpened pixel value of a 

point  ,x y , respectively,  F   is the high-pass filter and c  is a positive constant 

value that controls the grade of sharpness [28]. 

Since these operators are based on high-pass filters, they are highly sensitive to 
the presence of noise and they will tend to increase its visibility in areas of the 
image away from the edge. 

2.3.2 Edge Detection 

The edges are defined as abrupt changes in the intensity level or discontinuities in an 
image, and characterize boundaries between two different regions; therefore, edge 
detection is a problem of fundamental importance and plays a key role in image 
processing [23]. 
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Edge detection is usually accomplished by performing a spatial differentiation of the image 
field followed by a thresholding operation to determine points of steep amplitude range 
[29]. 

There are many different edge detector operators and we can classify them as belonging 
to a first-order derivative class or second-order derivative class. In the latter class, an edge 
exists when there is a significant spatial change in the polarity of the second derivative; 
while in the former class, the edges are detected by thresholding the edge gradient 
obtained by the spatial first-order differentiation [29]. In this section we will focus on the 
Canny operator [30], which belongs to the methods from the first-order derivative class. 

o Canny operator 

Other edge detectors like the Robert operator, the Sobel operator or the Prewitt 
operator have been derived heuristically, but the Canny operator was developed 
with an analytical approach [29]. It ensures good noise immunity while detecting 
true edge points with minimum error [30]. 

Initially, this method calculates the first derivatives of the Gaussian-smoothed 
image. Next, it suppresses non-maxima of the gradient magnitude in order to thin 
down its broad ridges. To remove the false edges that might remain after the non-
maxima suppression, Canny applies thresholding in an adaptive manner using 

hysteresis. Two thresholds upT  and loT  are obtained according to an estimate of 

the noise in the image, and two different edge maps upE  and loE  are created by 

applying the upper threshold and the lower threshold, respectively. upE  will contain 

few false edge points, but it will also miss some true edge points; therefore, 

adjacent edge points are linked by taking edge points from loE  until the gap has 

been completely filled up. After applying these sophisticated thinning and linking 
mechanisms (non-maxima suppression and hysteresis thresholding), edges are 
identified as locations where the gradient magnitude has a maximum [23, 31]. 

This method is acknowledged to be the best linear edge detector [32] and it has 
become almost a standard in edge detection. A frequently used method is the 
Canny edge detector [30]. 

2.3.3 Shape Detection 

Using edge detection to extract the edge elements of an image might not be enough for an 
immediate interpretation of the image because of its relative lack of features. It is often 
necessary to perform additional processing to group these primitive edge elements into 
higher structures that are better suited to the analysis process [33]. 
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These grouping methods have to proceed on the basis of generalized rules and local 
information when little or no prior domain knowledge is possessed. On the other hand, if 
there is much knowledge of the context, several restrictions can be placed on the image in 
order to constrain the boundary shape [33]. 

The Hough transform is a technique that achieves grouping of the edge points into object 
candidates, identifying its location and orientation, by performing an explicit voting 
procedure over a set of parameterized image objects. 

The classical Hough transform was designed to identify straight lines and curves [34], but 
it also can be used to detect other geometric shapes like circles or ellipses [35]. Later the 
Hough transform was extended for the detection of arbitrary shapes where a simple 
analytic description of a feature is not possible [36]. 

The Hough technique consists of parameterizing a description of a feature at any given 
location in the original image's space. These parameters generate a space and then are 
discretized within the expected ranges of the parameter values making the parameter 
space not continuous anymore, but rather represented in a structure of cells which is 
called accumulator. Each feature point votes in the Hough space for an object generated 
by the parameters defined at that point, and the votes are totaled in the accumulator 
indicating how well the object fits the given image [37]. 

As mentioned before, the Hough transform can be adapted straightforwardly to detect 
other shapes. Unfortunately, the computation and dimensionality of the Hough space used 
to accumulate the votes increases with the complexity of the shape, because the number 
of necessary parameters to represent it will grow [33]. 

o Circular Hough transform 

In the case of circular Hough transform to detect circles, it is required a three-
dimensional accumulator, since a circle is parameterized by 

   2 2 2x a y b r     (2.7) 

where the circle has center  ,a b  and radius r  [38]. 

In this method, a set of potential center points associated with each edge point is 
found. This set of points forms a circle with radius r  as depicted in Figure 2-5 (b). If 
the set of potential center points are constructed for all the feature points of the 
original image, the true center will be common to all the sets (as seen in Figure 2-5 
(d)), and it can be found as the element with the highest number of votes in the 
accumulator [23]. 
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If the radius is not known, then the set of potential center points will fall on the 
surface of a cone, and each edge point in the original image’s space will produce a 
cone of votes into the Hough space, as depicted in Figure 2-6 (b), corresponding to 
all of the circles of various radii and potential center positions. Then, for a set of 
edge points, the Hough transform will yield a set of cones in the parameter space, 
and the true center will be given by the intersection point of the side surfaces of all 
the constructed cones (as seen in Figure 2-6 (d))[38]. 

 

Figure 2-5: Hough transform for detection of circle with unknown radius. (a) Original circle 
with radius r and center  ,a b  in the geometric space, (b, c) for each edge pixel, a set of 

potential center points forms a circle in the parametric space, and (d) the point common to 
all sets of potential center points will represent the center of the circle (marked by  ). 
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Figure 2-6: Hough transform for detection of circle with unknown radius. (a) Original circle 
with unknown radius in the geometric space, (b, c) for each edge pixel, a set of potential 

points representing a circle forms a cone in the parameter space, and (d) the point 
common to all sets of potential points will represent the detected circle (marked by  ). 

2.3.4 Dynamic Programming 

Dynamic programming is a technique for solving optimization problems were not all 
variables in the evaluation function are interrelated simultaneously. This method is based 
on Bellman’s principle of optimality, which states that, “in an optimal sequence of decisions 
or choices, each subsequence must also be optimal” [23]. Since optimization problems 
can have many possible solutions, the optimal solution will be selected as the one having 
a minimum (or maximum) value [39]. 

The development of a dynamic programming algorithm can be broken into the following 
steps [39]: 
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1. Characterize the structure of an optimal solution. In other words, study how this 
structure is composed from its sub-problems. 

2. Formulate the problem recursively by defining the cost of an optimal solution as a 
combination of the optimal solutions to its sub-problems. 

3. Compute the value of an optimal solution of the problem in a bottom-up approach, 
solving smaller sub-problems and progressing to larger sub-problems until getting 
an optimal solution. 

4. Back-track the computed information to construct the optimal solution. 

In a problem of boundary detection, the objective can be described as to find the best path 
between a starting point in the image and an ending point. Therefore, we can use dynamic 
programming to solve the reformulated problem of finding the minimum cost path through 
the image, which will correspond most likely to the object-of-interest border [23]. 

Shape detectors like Hough transform give an initial estimate of the location, orientation 
and size of the object of interest, but in order to perform posterior analysis is necessary to 
utilize other methods, like dynamic programming, to achieve a refinement in the 
boundaries of the object. 
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3. METHODS 

The input data are 3D non-contrast cardiac CT volumes organized in stacks of 2D axial 
slices, each slice being in DICOM format. It is assumed that the cardiac CT datasets 
extend from the basal level of the heart, where pulmonary artery splits, and end at the 
apical level of the heart, where diaphragm appears.  

The method proposed in this work consists of three main steps: localization of aorta and 
estimation of aortic size, segmentation of the aortic region, and the detection and 
quantification of calcifications in the segmented aortic region. Each step is described in 
detail next. 

3.1 LOCALIZATION OF THORACIC AORTA 

In order to achieve automated segmentation of thoracic aorta, the initial step is to estimate 
its location and size in the provided cardiac CT scan. Despite heart mechanical dynamics, 
the thoracic aorta preserves its global tubular shape throughout its extent and during time, 
presenting negligible local deformations. Due to the fact that the thoracic aorta runs 
vertically, its appearance in transversal images resembles circular shapes.  

With such a priori geometric information, is possible a primitive extraction of these features 
using various techniques [34, 40, 41]. For the sake of simplicity and ease of use, the 
Hough transform method for circular shapes is employed to extract the circular structures 
from the CT images. Then, dynamic programming techniques are applied on the Hough 
spaces of subsequent transversal slices in order to find a series of optimal best-fit aortic 
circles.  

3.1.1 Image Enhancement and Edge Detection 

The purpose of this step is to efficiently localize the contours of the thoracic aorta, which 
roughly approximate circular shapes. One way to extract these features is to apply the 
Canny edge detector [30] onto the raw DICOM image. 

When the Canny edge detector is applied on the original cardiac CT image, the stronger 
edge responses belong to the lungs’ contour, due to the evident contrast existent between 
soft tissue and air (present in the lungs). As a result, the edges belonging to the thoracic 
aorta contour, and other structures inside the heart, are not detected. In order to resolve 
this problem, an image contrast enhancement that accentuates the tissue of interest, has 
to be applied prior the edge detection.  
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Figure 3-1: Enhancement of blood and muscular tissue. Each pixel in the original image 
domain (x-axis) is mapped to the modified image domain (y-axis) according to this graph. 
Tissue ranges in HU: fat [-190 -30] (seen in yellow), muscle [10 40] (seen in blue), blood 

[40 100] (seen in red), calcium [130 above] (seen in green).  

Since the aorta is mainly filled with blood, the gray levels representing blood and muscles 
need to be enhanced, while diminishing those corresponding to other tissues, such as fat. 
In order to achieve this, a non-linear gray-scale modification [22] is performed by 
piecewise linear mapping models according to Figure 3-1. Then, anisotropic diffusion [24] 
is performed on the gray-scale modified image to attain further smoothing of the regions of 
interest, while at the same time preserving the edge information. 

Figure 3-2 depicts the original CT image prior pre-processing, the image resulting from the 
gray-scale modification, and the final pre-processed image after anisotropic diffusion, for 
both, ascending and descending aorta. 

3.1.2 Computation of Hough Space 

After accentuate the features of interest through contrast enhancement and obtain the 
edges of the pre-processed image, circular Hough transform can now be employed to 
quantitatively locate and estimate the sizes of the circular cross-sectional shapes of the 
aorta throughout  the scan. 

As mentioned in Section 2.3.3, Hough transform [34] is a simple technique used to extract 
primitive geometric shapes from raster images by making use of a parametric accumulator 
array (or Hough space) as a voting scheme to identify these shapes.  This method 
transforms an edge image from its spatial representation to its parametrical representation, 
where the extraction analysis is performed. In the particular case of circular shapes 
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Figure 3-2: Example of the image enhancement process in ascending (left column) and 
descending (right column) aorta. (a, b) Unprocessed original CT image, (c, d) gray-scale 

modified image, and (e, f) pre-processed enhanced image. 
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extraction, the Hough space is a three-dimensional (3D) space, where each point 
represents a circle in the original image space. 

Computationally, the Hough space is obtained by convoluting a circular kernel of radius r 
over the edge image, 

 H E K    (3.1) 

 
2 2 21,

0,

iff x y r
K

otherwise

  
 


  (3.2) 

Where H  is the Hough space, E  is the edge response, and K  is the circular kernel. 

Due to the fact that the size of the aorta varies from individual to individual, several kernel 
radii are used in the application of multiple convolution operations. Additionally, in order to 
reduce computational time, the Hough transform is just applied on two region-of-interests 
(ROI) which are determined from the anatomical knowledge of relative location of the 
ascending and descending aortas with respect to the lungs. 

The structures on the original image that are most likely circular shapes are going to 
appear as maxima in the Hough space. Generally, the recognition of the circle-of-interest 
(COI) is achieved by selecting the point of maximum response in the Hough space, which 
represents a circle with a given localization and diameter at the original image. 

Nevertheless, due to the presence of other nearly circular structures in the image, the 
global maximum point of the Hough space does not always corresponds to the COI, as 
depicted in Figure 3-4 (a, c) when targeting the ascending and descending aorta 
respectively. 

In order to achieve an accurate estimation, and overcome the issue presented when 
selecting the circle corresponding to the global maxima, this work proposes a dynamic 
programming-based approach to determine the position and size of aortic circles in a 
series of 2D images. 

3.1.3 Aortic Circle Estimation using Dynamic Programming 

The goal in this stage, it to select, from all the possible circles detected with Hough 
transform in each slice, the one corresponding to the aortic COI. 

The thoracic aorta runs vertically without abrupt changes. Therefore, exploiting this 
anatomical property, a way to accurately locate the aortic centerline and estimate its size 
can be found. 
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With the assumption that the cross-sectional area and x y  positioning of the aortic 

circles in subsequent axial slices have little deviation, dynamic programming concepts will 
help to redefine this challenge and, ultimately, provide the means to resolve the selection 
of the aortic COI in each slice in the volume. Therefore, finding an optimal combination of 
points from the Hough space of each axial image by the minimizing of a constrained cost 
function is the redefined goal. 

If there are N  axial images in consideration, the solution of dynamic programming is a set 

P  of N  points  1 2, ,..., PNP P P  , where each point iP  represents the x-coordinate, y-

coordinate, radius, and z-coordinate  , , ,x y r z , to obtain an optimal combination of points, 

the set P  should have minimum cost for the cost function,  

  
1

N

s i
i

C C P


   (3.3) 

        1 1, ,i xy xy i i r r i i H H iC P w C P P w C P P w C P          (3.4) 

where  C   is the cost associated with each point,  xyC   the cost related with the 

Euclidian distance between the centers of circles in adjacent axial slices projected on the 

same plane,  rC   the cost associated with the change in radius of circles in contiguous 

axial slices, and  HC   the value of the point in Hough space. Each cost component term 

has an associated weight xyw , rw  and Hw . 

A 3D continuity of the aorta’s medial axis is imposed by the term xyC , which restrains the 

amount of in-plane fluctuation allowed for aortic circles in adjacent slices. Similarly, the 

term rC  enforces a smooth tubular shape of the aorta by constraining the amount of 

change in diameter of aortic circles allowed in neighboring slices. Finally, the term HC  

forces the selection of circle points with maximum edge points in the Hough space.  

With such dynamic programming scheme, a computational expensive search of an optimal 
combination of circle points can be avoided. Furthermore, it is possible to limit the search 
to M  points with maximum Hough value in each Hough space, which is to say, M  points 
per slice. 
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This outstandingly reduces our search space, and consequently the computational cost, 

from U V W N    points to M N  number of points, where U  and V  are the x  and y  

dimensions of the original image and W  is the number of the different radii taken into 
account. The steps of this approach are depicted in Figure 3-3.  

The weights of different cost component terms in the equation (3.4) are obtained 
empirically. Accurately detected aortic circles for ascending and descending aorta are 
depicted in Figure 3-4 (b, d), respectively. 

 

Figure 3-3: Dynamic programming for aorta localization. (a) Stack of N  2D slices, (b) 
Hough spaces generated with W  radii, for each slice with size U V , and (c) M number 
of points selected, representing potential circles, with the selected circle (marked by  ). 
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Figure 3-4: Example of aortic circle estimation for ascending (left column) and descending 
(right column) aorta. (a, c) Detected circle by selection of global maxima in Hough space, 

and (c, d) Detected circle using dynamic programming. 

3.2 AORTIC BOUNDARY CONTOUR DETECTION 

The goal of the previous step was to create an initial estimate of the position and size of 
the thoracic aorta in the image. This initial estimate, obtained from the conjunction of 
Hough transform and dynamic programming, gives a reasonable approximation of the 
shape of the aorta as a circle. 

Still, the need to have a correct outline of the aortic profile at each slice is critical, 
especially in the case of the descending aorta, where the circular fit might slightly overlap 
with the spine, producing wrong calcium quantifications. 
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The aim of this stage is to refine the aortic wall contours, based on the position and size 
estimates from the previous stage. This work presents a way to successfully segment the 
contour of an irregular circle.  

3.2.1 Polar Transform and Image Enhancement 

Since the aorta, in axial images, has a nearly circular shape, a new ROI can be produced 
by transforming the original image from its Euclidean coordinate system to its polar 
coordinate system. In this way, the aortic contour can be found by detecting its horizontal 
boundary in the polar space using again dynamic programming principles. 

The center and size of the aortic circle detected in Section 3.1.3 serve as parameters to 
generate the polar image.  The centroid is considered as the origin and the radial extent as 

twice the radius of the aortic circle. The obtained polar images are depicted in  

Figure 3-6 (a, b) for ascending and descending aorta, respectively. 

These polar images are then enhanced by a non-linear gray-scale modification [22], 
performed by piecewise linear mapping models according to  

Figure 3-5. This image enhancement process allows the accentuation of blood and 
muscular tissue, while suppressing fat considerably. Calcium is somewhat suppressed 
with the idea of penalize a possible inclusion of spine in the posterior segmentation of 

descending aorta. This suppression is not sufficient to exclude any aortic calcification due 
to the difference in their density, having spine calcium higher density. Results of the 

enhancement of the polar images can be observed in  

Figure 3-6 (c, d). Finally, anisotropic diffusion is applied, smoothing out homogenous 
regions of the enhanced polar image, but at the same time preserving sharp edges, as 

depicted in  

Figure 3-6 (e, f). 

3.2.2 Boundary Detection using Dynamic Programming 

Dynamic programming is a technique which has already been successfully employed in 
boundary detection of ultrasound images [42]. In this work, dynamic programming was 
used to find the minimum cost path between the two ends of the polar image obtained in 
Section 3.2.1, corresponding to the most likely location of the aortic border. 
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Figure 3-5: Enhancement of blood pool. Each pixel in the original image domain (x-axis) is 
mapped to the modified image domain (y-axis) according to this graph. Tissue ranges in 
HU: fat [-190 -30] (seen in yellow), muscle [10 40] (seen in blue), blood [40 100] (seen in 

red), calcium [130 above] (seen in green). 

A similar dynamic programming approach as in Section 3.1.3 was used, with the difference 
being in the formulation of the problem. For boundary detection, the optimal path is 

denoted as a polyline with N  vertices  1 2, ,..., PNP P P  , with a cost function expressed 

as:  

 
1

N

s i
i

C C P


   (3.5) 

        1 1, ,i I I i i y y i i y y iC P w C P P w C P P w C P           (3.6) 

where  IC   the cost related with the intensity value,  yC   the cost associated with the 

vertical gradient, and  yC   the cost component related to the vertical distance between 

polyline pixels of contiguous columns in the polar image. Each cost component term has 

an associated weight Iw , yw  and yw . 

The intensity cost factor IC , compels the contour to go along a homogeneous path of 

pixels with higher blood intensities. The vertical gradient cost component yC  pushes the 

bordering line towards areas having prominent gradients in a direction perpendicular to the 

boundary. The continuity cost component term yC  limits the size of the steps the contour  
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Figure 3-6: Example of refined aortic boundary detection for ascending (left column) and 
descending (right column) aorta. (a, b) Polar image obtained from the transformed original 
image, using the centroid of the estimated aortic circle as the origin and the radial extent 

as twice its radius, (c, d) gray-scale modified polar image, (e, f) polar image after applying 
anisotropic diffusion, (g, h) detected horizontal boundary using dynamic programming, and 

(i, j) refined aortic contour after transforming back the polar image to the Euclidean 
coordinate system. 
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line could undergo in the radial axis, when running along the horizontal boundary, 
imposing a spatial continuity constraint and smoothing out the contour. The continuity term 

yC  could be of the first or second order; the second order term allows smoother 

transitions in the vertical direction.  

After dynamic programming is applied the resulting polyline represents the horizontal 
contour of the aorta, as depicted in  

Figure 3-6 (g, h). The detected boundary in polar coordinates is transformed back into 
Euclidean coordinates, providing an effective segmentation of refined boundaries of the 

ascending and descending aorta, as depicted in  

Figure 3-6 (i, j), respectively. 

3.3 EXTRA-CORONARY CALCIUM QUANTIFICATION 

The objective of this work is to develop a tool for automated detection and quantification of 
aortic calcium of the ascending and the descending aorta. Therefore, the segmentation 
produced as a result from the integration of the methods proposed in Sections 3.1 and 3.2 
is utilized to reduce the calcification search area, from the whole image to the thoracic 
aorta, as depicted in Figure 3-7 (c, d). 

The calcifications are detected by applying a threshold of 130 Hounsfield Units as in [19], 
where the pixels with values above this threshold represent calcium, as depicted in Figure 
3-7 (a, b). The lesions are detected by component-labeling using 4-connectedness. When 
a lesion area is below 4 pixels is discarded and not taken into account because it probably 
corresponds to spurious calcium lesions. Results of the detection of aortic lesions can be 
observed in Figure 3-7 (e, f). 

The quantification of the lesions is obtained using known quantification techniques such as 
Agatston [19] and Volume [20] scoring, as described in Sections 2.2.1 and 2.2.2, 
respectively. Therefore, for each calcification, descriptive information such as lesion area, 
peak intensity and lesion volume, is obtained and used by the quantification methods. The 
number of lesions per scan is also computed, as another measurement of aortic 
calcification.  
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Figure 3-7: Example of calcium detection in ascending (left column) and descending (right 
column) aorta. (a, b) Detected calcium by applying a 130 HU threshold, (c, d) search area 

reduced using segmentated aorta, and (e, f) detected aortic lesions (seen in red). 
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4. RESULTS AND DISCUSSION 

4.1 DATASET 

All the methods and techniques presented in Chapter 3 were applied on cardiac non-
contrast CT scans from 37 randomly selected subjects (19 females, 18 males; age range 
35-87 years, with a mean age of 58 years old), with 1 CT scan per patient. These scans 
were obtained from the anonymous database owned by the Computational Biomedicine 
Lab. 

The images were acquired on an electron-beam CT (EBCT) scanner (GE Imatron). For 
each scan, a stack of 20 to 36 contiguous slices, with a mean of 27 slices per scan (slice 
thickness of 3 mm) were obtained, covering the heart. Each image was reconstructed to 
512   512 pixels with a gray value resolution of 16-bit. The pixel dimensions associated 
with the scans ranged from 0.5078 to 0.5859 mm. In total there were 1012 slices, out of 
which ascending aorta was present in 462 and descending aorta was present in 1012 
slices. 

A trained observer manually traced the thoracic aorta boundaries for the whole dataset 
and annotated aortic calcification by marking seed points which were later used to quantify 
the calcifications using threshold-based connectedness region growing method. These 
annotations were used as clinical references to assess the accuracy of the localization and 
segmentation methods, and to validate the detection and quantification of aortic 
calcification. 

4.2 VALIDATION RESULTS 

The results of the novel techniques proposed to achieve localization and segmentation of 
the aorta are evaluated against the manually traced aortic contours. 

4.2.1 Localization of Aorta 

Characteristics of the manual boundary ( mB ) annotations, such as the centroid ( mc ) and 

average radius ( mr ), were determined. These values were treated as the gold standard for 

aorta localization, for validation purposes. The center point ( dc ) of the aortic circle 

estimated in Section 3.1.3 is similarly determined. Having these terms, the distance ( d ) 

between the centroid, mc , and the center point estimate, dc , are computed. 
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The performance of the thoracic aorta localization method (HD), based on dynamic 

programming, is assessed using the relative square distance error ( dD ). This distance is 

used to establish if the automatically detected center point dc  is located within the aortic 

contour mB , obtained manually. 

The dD  measure is defined as the ratio of the squared distance between the two aortic 

center points and the squared average radius, 
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  (3.7) 

When the value 1dD  , it signifies that the center point dc  falls inside the boundary mB , 

indicating success; otherwise, if 1dD  , it will be a sign of failure, because these values are 

indicative of a center point dc  located outside the boundary mB . 

The dD  measure also provides the degree of precision of the aortic localization by 

displaying the closeness of both, the automatically estimated position and the manually 
estimated position, relative to the size of the manual contour. The relationship between 

accuracy and the dD  measure is inverse: the lower the value of dD , the greater the 

accuracy of the method in estimating the aortic position, and vice versa. 

In order to demonstrate the improvement of the proposed method on the localization of the 
aortic centerline, compared to the generally preferred approach of selecting the maximum 

response point in the Hough space (HG), the relative square distance error ( gD ) was 

computed, providing a measure of the accuracy of the HG method in the localization of 
aorta. 

Figure 4-1 illustrates the performance of both methods, the proposed dynamic 
programming based aorta localization (HD) and the commonly used method of selecting 
the global maxima point in the Hough space (HG), for localization of ascending and 

descending aorta, depicting the cumulative dD  (solid line) against the cumulative 

gD (dashed line). 

The positions of the ascending aorta were found to be within the manual aortic boundary, 
using the HD method, in 94% of the cases compared to 70% when HG was used. 
Similarly, the positions of the descending aorta were estimated inside the manually 
annotated contours in 100% of the cases when HD was applied, against 85% when the 
HG method was utilized. 
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Figure 4-1: Cumulative localization error D  of the dynamic programming-based selection 
method (solid line) and the global maximum selection method (dashed line) for (a) the 

ascending aorta and (b) the descending aorta. 

The 6% of the cases in which the proposed method was not able to locate the ascending 
aorta correctly were caused by a stronger edge response showed by the pulmonary artery, 
which dragged the method to follow this structure. Nevertheless, this can be easily 
corrected by either adding the interaction of a user to place a starting point inside the aorta 
to aid the dynamic programming algorithm or in an automated manner include prior 
knowledge of the location of the aorta in relation to the lungs. 

4.2.2 Segmentation of Aorta 

The root mean squared radial distance ( aR ) between the manually annotated boundaries 

and the contours from the automated segmentation obtained in Section 3.2.2 is utilized as 
a boundary error metric. 

The centroid, mc , of the manual contour serves as the center of rotation to parameterize 

the aortic boundaries over  , drawing radial lines outward which intersect with the 

boundary contours. The radial distance error aR  is computed as the root mean square 

distance between the corresponding intersection points of the manual and automated 
contours obtained from the previous parameterization. 

The effect of the error on the aortic segmentation is successfully portrayed by the dR  

measurement. Therefore, the root mean squared radial distance ( aR ) between the 

manually annotated boundaries and the contours from the estimated circles in Section 
3.1.3 is also computed with the purpose of highlight the necessity of further aortic 
boundary refinement, achieved in this work with horizontal dynamic programming. 
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Figure 4-2: Cumulative radial distance error R  of the dynamic programming-based 
selection method (solid line) and the global maximum selection method (dashed line) for 

(a) the ascending aorta and (b) the descending aorta. 

Figure 4-2 illustrates the errors between the manually annotated contours and both aortic 
contour estimations, the refined boundaries obtained from the proposed segmentation 
method and the Hough circles obtained in the localization stage, in the segmentation of 

ascending and descending aorta, depicting the cumulative aR  errors (solid line) against 

the cumulative dR  errors (dashed line). 

The Dice similarity coefficient (DSC ) [43] was also used to evaluate the spatial overlap 
accuracy of the automated aorta segmentation method. This renowned overlap measure is 
given by, 

  2
, m a

m a
m a

S S
DSC S S

S S





 (3.8) 

where mS  and aS  corresponds to the binary segmentation results from the manual 

annotations and the automated segmentation method, respectively, and X  indicates the 

amount of voxels labeled by X . The value of the DSC  index ranges from 0 to 1, where 0 
indicates complete dissimilarity between the two segmentation results, and 1 indicates 
complete overlap.  

Figure 4-3 depicts the DSC  measurements obtained for descending aorta, on 37 cases, 
and for ascending aorta, on 34 cases. Descriptive statistics of these measurements are 
provided in Table 2. 

Since the objective in this section is to validate the segmentation stage, those cases where 
the localization stage failed for ascending aorta were removed from this evaluation. 
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Figure 4-3: Estimated volume overlap. 

DSC DSC Range
Ascending Aorta 0.88 ± 0.08 [ 0.68, 0.96 ]

Descending Aorta 0.96 ± 0.01 [ 0.91, 0.97 ]  

Table 2: Descriptive statistics of Dice similarity coefficient for aorta volume overlap. 

4.2.3 Quantification of Aortic Calcium 

The novel method proposed for automated detection and quantification of extra-coronary 
calcifications in the ascending and descending aorta is evaluated in terms of different 
measurements, such as Agatston score, plaque volume and number of lesions. 

Each of these parameters was tested against two annotated methods. Both annotation 
approaches are manually done by a trained observer, who can discriminate and segment 
structural information based on previous knowledge.  

The first method, identified as calcium annotations, refers to the manual selection of 
calcium lesions within the aortic wall. In this procedure, the observer mark seed points in 
what he considers calcium deposits and through region growing techniques the complete 
calcified lesion is identified.  

The second method, named boundary annotation, refers to the manual segmentation of 
the aorta boundary contour. Making use of the specialized software Amira® 4.1, the 
annotator manually selects the contour of the aorta, giving as output a binary image where 
the pixels belonging to the aorta are set as 1, and the remaining pixels on the image are 
set as 0. The calcifications are identified by thresholding and component-labeling using 4-
connectedness. 
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For each of the three elements of comparison (i.e., Agatston score, plaque volume, 
number of lesions), the performance of the proposed automated procedure was separately 
compared with the two manually annotated methods (i.e., calcium annotations, boundary 
annotations). Then, the two manual procedures were also compared among themselves, 
to detect any variation between them. The regression plots of this analysis is depicted in 
Figure 4-4, Figure 4-6 and Figure 4-5, with the results of ascending aorta in the left 
column, and descending aorta in the right column.  

o Agatston Score 

As depicted in Figure 4-4 (a, c) for ascending aorta and Figure 4-4 (b, d) for 
descending aorta, the regression analysis shows a clear agreement between 
automated and manual methods.  

For corroboration, Figure 4-4 (e, f) depicts the perfect correlation among both 
manual methodologies when quantifying calcifications using Agatston scoring, for 
ascending and descending aorta respectively, verifying the excellent performance 
of the proposed method in quantifying the calcium deposits. 

o Plaque Volumes 

When considering the quantification using plaque volume, the correspondence 
between the automated and manual methods is outstanding, as shown in Figure 
4-5 (a, c) for ascending aorta and Figure 4-5 (b, d) for descending aorta. 

The excellent performance of the automated method is corroborated again, this 
time by comparing the quantification by plaque volume resulting from both 
annotated approaches, as depicted in Figure 4-5 (e, f). 

o Number of Lesions 

While not bad, the correlation exposed in the number of lesions analysis, between 
the automated method and the manual calcium annotations, was the poorest of all 
the three measurements, as depicted in Figure 4-6 (c, d) for ascending and 
descending aorta, respectively. 

This error might be caused by the presence of noise in the image. As the trained 
observer is looking for calcifications, usually present near the aortic wall, he can 
discern and reject calcium-like structures that are present in the aortic lumen. While 
these noisy spots are not significant in area and do not affect the rest of the 
measurements, they are accounted as lesions by the method proposed, affecting 
negatively the results of the number of lesions. 
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As it would be expected because of the similarity of the procedure to identify 
calcifications, there is a good correlation between the number of lesions obtained 
from the manual boundary annotations and the automated method as depicted in 
Figure 4-6 (a, b). Both approaches, manual boundary annotations and the 
proposed method, consider the whole cross-sectional area of the aorta to detect 
the calcium lesions, and neither of the two methods can distinguish the presence of 
noisy spots. 

This is confirmed by the regression plots comparing the number of lesions obtained 
by both annotation methods, depicted in Figure 4-6 (e, f), and their similitude with 
the regression plots comparing the number of lesions obtained the automated 
method and the manual boundary annotations, depicted in Figure 4-6 (c, d). 

Finally, Table 3 and Table 4 show the descriptive statistics of the quantified aortic 
calcifications obtained by the three analyzed methods (i.e., calcium annotations, boundary 
annotations, and automated method), in terms of Agatston score, number of lesions and 
plaque volume, for ascending and descending aorta, respectively. In the case of 
ascending aorta, 34 patients were considered for this analysis, as in 3 cases the aorta was 
not correctly located; for descending aorta all the 37 patients were considered.  

Agatston Score Number of Lesions Plaque Volume
Calcium Annotation 184.03 ± 432.60 2.32 ± 4.19 0.16 ± 0.34

Boundary Annotation 186.86 ± 429.40 3.54 ± 5.47 0.16 ± 0.35
Automated Method 170.98 ± 402.02 3.16 ± 4.67 0.15 ± 0.33  

Table 3: Descriptive statistics of the aortic calcifications located in the ascending aorta, in 
terms of Agatston score, number of lesions and plaque volume. 

Agatston Score Number of Lesions Plaque Volume
Calcium Annotation 470.73 ± 1,043.46 3.54 ± 5.38 0.38 ± 0.82

Boundary Annotation 465.99 ± 1,028.24 4.35 ± 6.06 0.38 ± 0.81
Automated Method 468.45 ± 952.61 4.73 ± 6.13 0.38 ± 0.76  

Table 4: Descriptive statistics of the aortic calcifications located in the descending aorta, in 
terms of Agatston score, number of lesions and plaque volume. 

According to these results, it is clear that an automated method for calcium quantification 
is very feasible and with high-quality results. Certain adjustments need to be added which 
will be mentioned later, in the Section 6. 
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Figure 4-4: Regression plots showing the comparisons of the obtained Agatston score, in 
ascending (left column) and descending (right column) aorta, between (a, b) boundary 
annotations and automated method, (c, d) calcium annotations and automated method, 

and (e, f) calcium annotations and boundary annotations. 
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Figure 4-5: Regression plots showing the comparisons of the obtained plaque volume, in 
ascending (left column) and descending (right column) aorta, between (a, b) boundary 
annotations and automated method, (c, d) calcium annotations and automated method, 

and (e, f) calcium annotations and boundary annotations. 
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Figure 4-6: Regression plots showing the comparisons of the obtained number of lesions, 
in ascending (left column) and descending (right column) aorta, between (a, b) boundary 
annotations and automated method, (c, d) calcium annotations and automated method, 

and (e, f) calcium annotations and boundary annotations. 
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5. CONCLUSIONS 

The analysis of medical images very often requires segmentation as a first step. In this 
work, a method for automated detection and quantification of extra-coronary calcification 
was developed based on a novel method for localization and segmentation of ascending 
and descending aorta. This technique made possible the successful application of 
dynamic programming concepts in a difficult domain: the segmentation of structures in 
non-contrast CT images.  

In a non-contrast cardiac CT image, blood -the tissue of interest- occupies a relatively 
narrow range of the gray scale, implying the need of a pre-processing stage to accentuate 
its contrast with surrounding tissues. The approach used for contrast enhancement 
segregates the tissue of interest from undesired data on the image (i.e., fat tissue) 
improving significantly the outcome of the edge extraction stage.  

Using the Hough space (obtained from the Hough transform for circles) as a medialness 
feature space and integrating it with dynamic programming methods, served as means to 
extract the centerline of symmetric and tubular structures like the aorta, in an automated 
and robust manner.  

The results have shown that the incorporation of dynamic programming for tracking plays 
a vital role for an accurate estimation of the aorta localization, introducing a noteworthy 
improvement in comparison to the common approach of tracking the maximum response 
in each Hough space. In addition, it provides the circle that best fits the nearly circular 
cross-section of the thoracic aorta.  

A dynamic programming approach was used to determine a more realistic contour of the 
aortic wall, improving the accuracy already obtained in the initial localization stage in 87% 
and 100% of the cases for ascending and descending aorta, respectively. The final output 
of the segmentation allowed the identification of extra-coronary calcium deposits and 
further quantification with known methods, such as Agatston scoring.  

When the proposed methodology was applied on 37 patients, area and plaque 
measurements were found to be accurate when compared to those derived from manually 
traced contours and calcifications.  

Performing the annotation of calcifications manually is a cumbersome and tedious task for 
a human operator; moreover, it becomes infeasible with large studies. The proposed 
methodology was implemented using MATLAB ® R2007a and the running time for the 
analysis of a complete CT volume is around 550 seconds. Having a fully automated tool to 
perform this task, not only aids the image analyst expert, but it also eliminates any intra- 
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and inter-observer variability in the measurements, which is particularly important in follow-
up studies. 

The automated analysis of medical data allows more refined diagnosis and medical 
treatments. The biomedical engineers play an important role in the incorporation of robust 
algorithms from digital image processing and image analysis, in the medical field; 
providing the physician with reliable and convenient tools to interpret medical data, predict 
outcomes, determine plan treatments and make inter-patient comparisons. 
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6. FUTURE WORK 

The proposed method must now be applied in a larger set of scans in order to evaluate the 
importance of extra-coronary calcifications, as measured in non-contrast CT images, for 
CVD risk assessment. 

In order to achieve sound results, it is necessary to have access to a database with 
comprehensive information regarding the patients in the study and not only the standalone 
cardiac CT volumes. This database may include demographic, clinical and traditional 
cardiovascular risk factors like age, gender, smoking history, glucose level, blood 
pressure, cholesterol and/or history of previous cardiovascular events, among other risk 
factors. 

Although this method uses some information from adjacent slices -like in the localization 
stage when using dynamic programming- some context information is missed, because 
the approach is developed considering the data as a spatial sequence of 2D slices, and 
each single image is processed by 2D image segmentation techniques. 

Valuable 3D information can be derived indirectly from 2D images. Therefore, this 
additional information can be further exploited to achieve enhancement of the ascending 
aorta segmentation, for example, by integrating 3D surface continuity constraints in the 
dynamic programming algorithm at the segmentation stage. 

Even though this work focused in detection and quantification of extra-coronary calcium 
deposits, the segmentation procedure can be applied to obtain other measurements 
regarding the thoracic aorta (i.e., aortic size), and use them for diagnosis purposes. 
Nonetheless, due to the nature of non-contrast CT studies, and the closeness of the 
intensity ranges of blood and muscular tissue, assessment of aortic wall thickness cannot 
be performed. 
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