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Abstract

Segmentation of vascular structures is a difficult and challenging task. In this article, we present an algorithm devised for the segmen-
tation of such structures. Our technique consists in a geometric deformable model with associated energy functional that incorporates
high-order multiscale features in a non-parametric statistical framework. Although the proposed segmentation method is generic, it has
been applied to the segmentation of cerebral aneurysms in 3DRA and CTA. An evaluation study over 10 clinical datasets indicate that
the segmentations obtained by our method present a high overlap index with respect to the ground-truth (91.13% and 73.31%, respec-
tively) and that the mean error distance from the surface to the ground truth is close to the in-plane resolution (0.40 and 0.38 mm, respec-
tively). Besides, our technique favorably compares to other alternative techniques based on deformable models, namely parametric
geodesic active regions and active contours without edges.
� 2007 Elsevier B.V. All rights reserved.
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1. Introduction

A cerebral aneurysm is an abnormal enlargement of any
artery located in the brain. This pathology tends to appear
at or near bifurcations of the arteries in the Circle of Willis,
with more frequency at the anterior communicant (ACoA),
posterior communicant (PCoA), middle cerebral (MCA),
internal carotid (ICA), and basilar arteries (shown in
Fig. 1). The prevalence of unruptured cerebral aneurysms
is unknown, but prospective studies estimate it to be as
high as the 6% of the population (Winn et al., 2002; Ward-
law and White, 2000; Wiebers, 2003). Rupture, usually
accompanied with subarachnoid aneurismal hemorrhage
(SAH), is the most serious complication. These events have
an incidence of sudden death of 12.4% and rates of fatality
from 32% to 67% after the hemorrhage (Huang and van
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Gelder, 2002; Hop et al., 1997). Morbidity rates reach the
10.9% due to intra cranial bruise, subsequent recurrent
bleeding, stroke, hydrocephaly and vessel spasm (Raay-
makers et al., 1998).

Patient specific 3D models of the aneurysm and the sur-
rounding vascular tree have a significant role in interven-
tional planning. For instance, the availability of such
models for morphological analysis or computational fluid
dynamics (CFD) simulations enable the development of
shape indexes and hemodynamic parameters that better
serve to plan minimally invasive surgical procedures or to
predict the risk of rupture (Ma et al., 2004; Raghavan
et al., 2005; Rohde et al., 2005; Boissonnat et al., 2005;
Cebral et al., 2005).

The purpose of this article is to present an automatic
method for segmentation of cerebrovascular structures
with application to the segmentation of brain aneurysms
in 3D Rotational Angiography (3DRA) and Computed
Tomography Angiography (CTA). Segmentation in
3DRA is a difficult task due to noise, inhomogeneous
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Fig. 1. The arteries of the Circle of Willis. Left, image of maximum intensity projection (MIP) from a magnetic resonance angiography (MRA) scan.
Right, 3D model indicating the arteries of the Circle of Willis: anterior cerebral arteries (ACA) and segments (A1 and A2) connected by the anterior
communicant artery (ACoA), middle cerebral arteries (MCA), posterior communicant arteries (PCoA) connecting the internal carotid arteries (ICA) and
the basilar artery (BA), and vertebral arteries (VA). The images are courtesy of J.R. Cebral, George Mason University.
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image gradient, and the presence of vessels of a wide range
of sizes. In datasets acquired under low contrast dose,
strong image artifacts appear close to the arteries and
bones are visible within the same range of intensities than
vessels. Fig. 2 shows some examples of 3DRA images in
these situations. Segmentation in CTA is even more chal-
lenging because of the presence of bone tissue in the image
with intensity values that highly overlap with vessel tissues.
As shown in Fig. 3, these images present high partial vol-
ume artefacts specially in locations where the vessel is close
to or touching other vessels, the aneurysm, or the skull. In
these locations, it is difficult or even impossible to visually
distinguish among vessel background or bone tissues, spe-
Fig. 2. Examples of 3DRA images. (a) maximum intensity projection (MIP) o
of an image acquired under standard protocol. (c) Slice of an image acquire
acquired under low contrast dose showing bone tissue.

Fig. 3. Examples of CTA images. (a) maximum intensity projection (MIP) of a
showing a vessel located next to the aneurysm dome. (c) Slice showing a cere
Turkish saddle next to the internal carotid arteries (ICA).
cially, in the location of the sphenoid bone that surrounds
the carotid grooves next to the Turkish saddle.

The method is based on a geometric deformable model
that couples information from the image gradient and sta-
tistics of the regions present in the image (Paragios, 2000).
The novelty stems in the use of high-order differential
image descriptors in a multiscale framework for non-para-
metric estimation of regional descriptors for the main tissue
types present in angiographic images. The probabilities
associated with each region are estimated using adaptive
Parzen windows computed and k-nearest neighbors
(kNN) pdf estimation. The non-parametric model is fitted
to the specific application using cross-validation and
f a cerebral aneurysm located at the internal carotid artery (ICA). (b) Slice
d under low contrast dose showing vessel artifacts. (d) Slice of an image

cerebral aneurysm located at the middle cerebral artery (MCA). (b) Slice
bral aneurysm located next to bone tissue. (d) Slice showing part of the
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feature selection techniques to achieve the best estimation
for each of the tissue classes. The method has been evalu-
ated against manual segmentations and some of the tech-
niques that are most related to our work.

The article is organized as follows: Section 2 surveys the
state-of-the-art most related to our work. Generalities of
the proposed segmentation method are introduced in Sec-
tion 3. Section 4 presents the details of the non-parametric
model selection. The evaluation study is reported and dis-
cussed in Section 5 and some concluding remarks are made
in Section 6.

2. Related work

2.1. Statistical thresholding

Some of the recent approaches for 3D vascular segmen-
tation are based on statistical thresholding. These tech-
niques approximate the distribution of probabilities of
the intensity values in the image by finite mixture models
(FMM) estimated from the expectation maximization algo-
rithm. The FMM allows obtaining a segmentation by
means of an automatic global thresholding. These methods
have been applied to the segmentation of the cerebral vas-
cular tree and cerebral aneurysms in time of flight (TOF)
and phase contrast (PC) magnetic resonance angiography
(MRA) (Wilson and Noble, 1999; Chung et al., 2004),
and in 3D rotational angiography (3DRA) (Gan et al.,
2005).

2.2. Deformable models

Most of the recent approaches for 3D vascular segmen-
tation are based on deformable models. The model is rep-
resented by a surface that deforms for recovering the
shape of the vascular structure. Depending on the repre-
sentation of the model, these approaches can be divided
into parametric and geometric deformable models. Para-
metric deformable models assume a predefined surface
parameterization with fixed topology. In vascular analy-
sis, cylindrical or line-like shapes parameterized by the
vasculature centerlines are frequently used (Frangi et al.,
1999; Krissian et al., 2000; Yim et al., 2001; de Bruijne
et al., 2003; Aylward and Bullitt, 2002; Wink et al.,
2004; Fridman et al., 2004; Volkau et al., 2005). In many
cases, these models are not able to extract a complex arte-
rial tree without substantial user interaction. Moreover,
the tubular constraint usually prevents the model from
representing pathological shapes as stenosis or large
aneurysms.

The use of geometric deformable models within the level
set framework (Osher and Sethian, 1988) has become very
popular in recent years. Their ability to handle changes of
topology and adapt to the shape of complex structures
makes them a very suitable technique for the automatic
segmentation of complex vascular structures and, more
concretely, of cerebral aneurysms.
In geometric deformable models solely based on gradi-
ent information (Geodesic Active Contours, Caselles
et al., 1997), the evolution of the deformable surface
strongly depends on the image quality. Due to limited res-
olution or artefacts present in medical imagery, the gradi-
ent usually presents discontinuities at the boundaries and
inside narrow locations of the objects. The evolving surface
suffers from leakage in such places. Moreover, the curva-
ture and edge constraints prevent the surface to evolve
through narrow and twisted vessels. To deal with these lim-
itations, some improvements to this model have been pro-
posed in the literature for the segmentation of vascular
structures in MRA, 3DRA and CTA, that consist of smart
initializations of the model (Deschamps, 2001; Antiga
et al., 2003; van Bemmel et al., 2003; Hernandez and
Frangi, 2004), modifications in the energy functional (Lor-
igo et al., 2000; Deschamps, 2001; Hernandez and Frangi,
2004; Yan and Kassim, 2006; Manniesing et al., 2006; Hol-
tzman-Gazit et al., 2006), or hybrid approaches (Chen and
Amini, 2004).

2.3. Region-based geometric deformable models

Since the method of region competition proposed by
Zhu and Yuille (1996), there have been several works that
include statistical region-based information in the geomet-
ric deformable model (Paragios, 2000; Yezzi et al., 1999;
Chan and Vese, 2001; Aubert et al., 2003; Rousson et al.,
2003; Pichon et al., 2004). In these different versions of geo-
desic active regions (GAR), the surface is deformed accord-
ing to an evolution equation that minimizes an energy
functional depending not only on the gradient but also
on region-based statistical information. In places with
weak gradients, region-based information drives the evolu-
tion of the surface thus avoiding non-desirable effects of
gradient-driven evolution. Some of these versions even
completely drop gradient information. Thus, the segmenta-
tion accuracy fully relies on region-based information
(Chan and Vese, 2001; Rousson et al., 2003; Pichon
et al., 2004).

The GAR model includes region-based statistical infor-
mation defined in terms of the probability associated with a
region R. In the case of medical images, each region is
assumed to be in correspondence with a tissue. The estima-
tion of the probabilities for each tissue involves the defini-
tion of the feature space that characterizes the image inside
the different tissues. In most previous attempts, the estima-
tion of the probabilities is based on two main assumptions:
image intensity is the most discriminant tissue descriptor
and the statistics of the intensity distribution can be
described using parametric estimators. In particular, the
probabilities are usually modeled with a finite mixture
model (Zhu and Yuille, 1996; Paragios, 2000) or even sim-
pler assumptions (Yezzi et al., 1999; Chan and Vese, 2001;
Aubert et al., 2003).

However, we believe that the use of high-order differential
image information coupled with non-parametric estimators,
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provide a richer description of the different tissues in med-
ical imagery and, therefore, constitute a more generic
framework for segmentation. Related ideas were intro-
duced by van Ginneken et al. in the context of segmenta-
tion with landmark-based statistical shape models and
applied to the segmentation of aortic aneurysms in CTA
(van Ginneken et al., 2002; de Bruijne et al., 2003). In these
works, a gray level appearance model at the boundaries of
the objects is constructed based on the first-order multi-
scale local jet of the image and the active shape model
(ASM) is fitted using a k-nearest neighbors (kNN) classi-
fier. Ordas et al. further extended this ASM technique to
incorporate differential invariants with application to the
segmentation of cardiac MRI images (Ordas et al., 2003).
None of these methods, however, were applied to 3D
images or integrated into implicit deformable models.
More related to our approach, Rousson et al. (2003)
proposed an implicit deformable model for unsupervised
texture segmentation that uses the structure tensor as tex-
ture descriptor in an non-parametric framework. Pichon
et al. (2004) proposed a statistical flow for generic image
segmentation that considers the intensity and the gradient
of the image as tissue descriptors and Parzen windows as
non-parametric estimator.

The present work introduces the idea of using a non-
parametric model for the estimation of the probabilities
associated with each region in the Geodesic Active Regions
model. We are presenting the improved results of our pre-
vious conference works (Hernandez et al., 2003; Hernandez
and Frangi, 2004, 2005). This work differs from our previ-
ous effort in the use of differential invariants for the defini-
tion of the feature space and the presentation of a novel
framework for the selection of the non-parametric model.
We also include an evaluation on manually segmented
images to analyze the performance of the proposed algo-
rithm compared to other competing techniques.

3. Non-parametric geodesic active regions

In this section, we describe the proposed segmentation
method. We begin by introducing the general Geodesic
Active Regions model to finalize focusing on the details
of the proposed non-parametric model for probability
estimation.

3.1. Geodesic active region framework

Geometric deformable models unify parametric models
for curve and surface evolution and the level set method.
These models borrow the idea from geodesic snakes (Kass
et al., 1988) of evolving an initial curve or surface towards
a local minimum of an energy functional. Geodesic Active
Regions (GAR), as introduced by Paragios (2000), incor-
porates edge and statistical information into the energy
functional.

Edge information is based on a function of the gradient
that is positive in homogeneous regions and zero at the
edges. This function helps the evolving interface stopping
at the boundaries of the regions. In our approach,

gðjrI jÞ ¼ 1

1þ jrrI j2
ð1Þ

where $rI is the gradient of the image after convolution
with a Gaussian of standard deviation r close to the in-
plane resolution.

Statistical information is defined in terms of region
descriptors, which are function of the probabilities associ-
ated with each region. Thus, the descriptor of the inner
region is defined by

kinðxÞ ¼ � logðP inðxÞÞ ð2Þ
where Pin is the probability for a voxel x to belong to Xin.
An analogous definition holds for the outer region.

In our approach, each region is assumed to be in corre-
spondence with a single tissue. In our application, the
images usually present the inside tissue, that corresponds
to the aneurysm and vessels, and one or two outside tissues
that correspond to the background and bone. In the case of
images with two regions, the probability of the inner region
is computed as P in ¼ P ðx 2 CvesselÞ and the probability out-
side as P out ¼ Pðx 2 CbackÞ. In the case of images with three
regions, the probability outside is computed, under the
assumption of independence, as P out ¼ P ðx 2 CbackÞþ
P ðx 2 CboneÞ.

In the definition of the energy functional, the region-
based term depends on the partition of the image domain
(X) provided at time t by the evolving interface. In the case
of a evolving surface S(t), the image domain X is divided
into Xin(t) [ Xout(t) [ S(t) and the energy functional is
defined as

EðtÞ ¼ f
Z

XinðtÞ
kinðxÞdxþ f

Z
XoutðtÞ

koutðxÞdxþ g
Z

SðtÞ
gðxÞda

ð3Þ
where da is the surface area element and, f and g control
the contribution of the region-based and boundary infor-
mation, respectively.

In order to compute the differential equation that drives
the evolution of the surface, variational techniques are
used. In our approach, region descriptors are time indepen-
dent. Therefore, the gradient descent flow associated with
the minimization of E(t) is

oSðx; tÞ
ot

¼ fðkout � kinÞN� gð�gKm þ hrg;NiÞN ð4Þ

where Km is the mean curvature of the evolving surface, �
controls the contribution of the curvature to the evolution,
and N is its outer unitary normal vector.

The level set method (Osher and Sethian, 1988) is used
to track the motion of the surface allowing topological
changes in the surface and avoiding numerical instabilities.
Basically, the level set method consists in embedding the
evolving surface in a manifold one dimension higher than
S implicitly represented by a function /. The surface S
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can be reconstructed as the level set zero of /. If the man-
ifold evolves following the equation:

/t þ fðkout � kinÞjr/j � gð�gKmjr/j þ rg � r/Þ ¼ 0 ð5Þ
then the evolution of the level set zero of / is equivalent to
the evolution of S driven by Eq. (4).

Following this equation, the level sets associated with /
evolve towards a local minimum of the energy functional
trying to maximize the probability for the inner region
inside the zero level set and the probability for the outer
region outside having into account the gradient informa-
tion at the boundaries also. The zero level set of the result-
ing steady-state solution is a 3D model of the
segmentation.

3.2. Non-parametric description of tissue classes

For the estimation of the probabilities associated to the
region descriptors, we propose a non-parametric approach.
The method, as any other supervised pattern recognition
method, involves the definition of a feature space that, in
our application, describes the local structure of the image
inside the different tissues, and the selection of a non-para-
metric technique for the estimation of the distribution of
the different patterns of the local structure. The feature
space is defined from the set of differential invariants that
approximates the local structure of the image up to sec-
ond-order in a multiscale framework. Parzen windows is
the selected non-parametric estimation technique. Thus,
our method takes into account not only the intensity distri-
bution but also approximates to a higher degree the local
structure of the image. Moreover, the non-parametric tech-
nique does not make any assumption about the distribu-
tion of the local patterns that are learned directly from
the image.

3.2.1. The image feature space
Depending on the representation of the local structure

of the image, different feature spaces can be defined for
probability estimation. The differential invariants (Romeny
et al., 1992) constitute a complete and irreducible set of dif-
ferential operators appropriate for the description of the
local image structure up to any desired order. As any other
algebraic invariant can be reduced to a combination of ele-
ments in this minimal set, local image properties can be
represented in terms of such invariants. Besides, the set
of differential invariants provides a description of the
image geometrical structure independent to rigid transfor-
mations. These properties make the differential invariant
operator set a good candidate for feature space in pattern
recognition tasks. As a distinctive element with respect to
our previous works, we propose to use this differential
invariant representation for the definition of the feature
space.

Thus, for a point x, we associate the feature vector

fðxÞ ¼ ðfr0
; . . . ; frd ÞðxÞ: ð6Þ
where each frn corresponds to the vector of differential
invariants up to second-order computed at scale rn. In ten-
sor notation,

frnðxÞ ¼ ðL; Lii; LiLi; LijLji; LiLijLjÞ ð7Þ
where L, Li, and Lij represent the image intensity and the
first and second-order Gaussian derivatives computed at
scale rn. The set of scales is chosen according to an expo-
nential sampling, rn = r0 Æenq where q is a scale-sampling
parameter, and n = 0, . . . ,d � 1, as suggested by the Scale
Space theory (Lindeberg, 1998).

In our approach, the feature space includes up to sec-
ond-order information in a multiscale framework. This is
mainly motivated by the fact that we are interested in tubu-
lar and blob-like objects, which can be nicely described
with multiscale second-order information (Frangi et al.,
1998; Krissian et al., 1997; Danielsson and Lin, 2001).
Obviously, the method can be extended by using a higher
(or lower) order differential invariant operator set.

3.2.2. Non-parametric probability estimation

The probability associated to a tissue or region R at a
point x is considered within a Bayesian framework as a
conditional probability Pðx 2 RjfðxÞÞ, where f(x) is the
vector of features used to characterize the local structure
of the image. Different statistical models can be considered
for the estimation of this conditional probability. Among
them, the non-parametric models do not make any a priori

assumption about the features distribution that is learned
directly from the image.

The most popular non-parametric estimation technique
is Parzen windows (Parzen, 1962) as it is a consistent esti-
mator of any continuous probability (Vapnik, 1998). Any
technique based on the k-nearest neighbor (kNN) rule
(Dasarathy, 1990) can be interpreted as an approximation
of the Parzen windows, suitable to applications where the
domain of samples provides an sparse representation of
the domain of all possible patterns. Assuming that points
with similar local image structure belong to the same tissue
class, we propose to use a kNN estimator for the approxi-
mation of the probability associated to a tissue.

Thus, in our approach, the estimation proceeds as fol-
lows. For a voxel x, the feature vector f(x) is computed
as in Eq. (6). Then, the k nearest feature vectors are found
in a training set according to the Euclidean distance. The
probability for a voxel x to belong to a tissue class Ci is
computed from the formula

Pðx 2 CijfðxÞÞ ¼
P

x̂2Li\NkðxÞKcðfðxÞ; fðx̂ÞÞP
x̂2NkðxÞKcðfðxÞ; fðx̂ÞÞ

ð8Þ

where Li represents the set of points in the training set that
belong to the class Ci, NkðxÞ is the set of the k-nearest
neighbors and Kc is a Gaussian kernel with standard devi-
ation equal to the Euclidean distance to the kth nearest
neighbor (i.e. c = jx0 � x[k]j where x[k] is the kth nearest
neighbor).
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The set of the parameters involved in the definition of
the non-parametric model strongly depend on the specific
image modality and application. In our method, the
parameters are estimated from the training sets, using cus-
tomary techniques of pattern recognition for parameter fit-
ting and model selection (Hastie et al., 2001). In the next
section, we present our proposed framework used for train-
ing set construction, parameter fitting, and model selection.

4. Optimal modeling of tissue classes from angiographic data

4.1. Angiography databases’ description

The 3DRA clinical datasets were acquired at Inova
Fairfax Hospital (Fairfax, Virginia, USA) using a Philips
Integris Biplane unit (Philips Medical Systems; Best, The
Netherlands). Rotational angiographies were performed
using a 6-s constant injection of contrast agent and a
180-degree rotation with imaging at 15 frames per second
over 8 s for acquisition of 120 images. Each dataset was
transferred to a Philips Integris Workstation and recon-
structed on a 128 · 128 · 128 image with a square field-
of-view (FOV) of 54.04 mm yielding a voxel size of
0.42 · 0.42 · 0.42 mm3.

The CTA clinical datasets were provided by Miguel Ser-
vet Hospital (Zaragoza, Spain). The acquisition was per-
formed using an Helical Elscint CT Twin scanner
(Marconi; Haifa, Israel) with 120 kV/300 mA for the
amplifier tube, 1.2-mm collimation with an helical pitch
of 1 and slice spacing of 0.65 mm. The images were recon-
structed on a 512 · 512 volume with a square FOV of
20.8 cm yielding an in-plane resolution of 0.4 mm. A total
of 140 ml of non-ionic contrast fluid was intravenously
administrated (Omnitrast 300 mg; Schering, Berling, Ger-
many) at a rate of 3 ml/s, starting the scanning 20 s after
the onset of contrast administration.

4.2. Training set definition

In general, the selection of the candidates for training is
of great importance in the learning stage of any supervised
pattern recognition method. Often, the overall perfor-
mance of the method strongly depends on the selection of
these candidates, that has to be carried out carefully after
a deep empirical study of the available data. It remains
an open issue how to develop a general methodology for
the construction of training sets that, associated to the
pattern recognition method, would provide the learning
system with minimal generalization error (Duin and Peka-
lska, 2005). In our application, the construction of the
training sets involves the selection of the image data sets,
cropping in the locations of interest, image pre-processing,
tissue labeling, and point sampling. Although some of
these stages could be approached in a different way, we
propose a protocol for the selection of the datasets and
point sampling that, according to our experience, provides
satisfactory results in our application.
4.2.1. Training set in 3DRA

The protocol for training set construction in 3DRA
begins with the selection of a group of clinical datasets in
the most typical locations of the Circle of Willis. The max-
imum dome sizes of the aneurysms presented in these data-
sets cover a wide range of the sizes existing in the data base.
Thus, the images selected for learning include vessel pat-
terns from all the Circle of Willis and aneurysm patterns
covering the most frequent sizes in the data base. In our
application, each of the candidate images has been selected
to represent a prototype case of cerebral aneurysm located
at the anterior communicant (ACoA), posterior communi-
cant (PCoA), middle cerebral (MCA), basilar and internal
carotid (ICA) arteries, respectively, resulting in a total of 5
datasets.

The selected images are first cropped to exclude zero-
intensity regions while preserving most of the vascular tree.
Then, the cropped images are pre-processed using an aniso-
tropic diffusion filter (Black et al., 1998). The use of aniso-
tropic diffusion is intended to reduce noise while preserving
image features, thus improving labeling results. The filter is
computed as the solution of the equation

oI
ot
¼ divðg � rIÞ ð9Þ

where g is the edge function defined in Eq. (1). In our appli-
cation, the number of iterations has been selected equal to
5 and the stable value for the time step equal to 0.025.

At this point, vessel, background, and partial volume
voxels are labelled in the cropped images. During the
design of the protocol for training set construction, several
algorithms were considered for automatic labeling, as man-
ual thresholding, region growing (Adams and Bischof,
1994) or K-Means (Duda et al., 2001). Our approach uses
K-Means as it is fully automatic, parameter independent
and yields excellent segmentation results compared to man-
ual labeling.

Finally, the training points are randomly selected from
vessel and background tissues, and the corresponding fea-
ture vectors are computed and stored. In our application, a
total of 2000 points have been selected from each tissue and
image resulting in a training set of 20000 points. Thus, the
training points represent a uniform sample of the local pat-
terns presented in vessels of all locations and a wide range
of widths, aneurysms of a wide range of sizes, and the
background.

4.2.2. Training set in CTA

Compared to 3DRA, CTA has the additional challenge
of the presence of bone structures in the image whose inten-
sity values highly overlap with the intensities of vessel and
aneurysm, especially in partial volume voxels. Moreover,
most of the vessels and aneurysms in the Circle of Willis
are in close proximity to the skull. Therefore, the variabil-
ity of the local patterns increases in CTA with respect to
3DRA depending on the presence of bone tissues in the
image and its proximity to the vessel tissues. Keeping this
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in mind, the protocol for the construction of the training
set proceeds as follows.

The protocol for training set construction in CTA
begins with the selection of a group of clinical datasets with
cerebral aneurysms in the most typical locations observed
in the database. The maximum dome sizes of the aneu-
rysms presented in these datasets cover a wide range of
sizes existing in the data base. The images are cropped in
several locations of interest including aneurysms, vessel
segments from all the Circle of Willis, and bone tissue next
to the middle and posterior circulation. In our application,
a total of 10 datasets have been selected including the aneu-
rysms, vessel segments from the ACA, ACoA, PCoA, ICA,
and MCA, and bone tissue.

At this point, K-Means algorithm is considered for auto-
matic labeling. The labels of vessel tissue are obtained from
crops that do not include voxels at the bone tissue, as the
K-Means labeling results more accurate. As in the case of
3DRA, several algorithms were considered as alternative
to K-Means for automatic labeling (manual thresholding
and region growing). However, none of these algorithms
provided satisfactory labeling in the crops involving bone
tissue.

Finally, the vessel, background, bone, and partial vol-
ume tissues are labelled in the cropped images. The training
points are randomly selected from vessel, background and
bone tissues, and the corresponding feature vector are com-
puted and stored. This way, only correct samples are added
to the training set. In our application, 10000 points have
been selected from vessel, background and bone tissues,
resulting in a training set of 30 000 points.

4.3. Multiscale image features

The feature space depends on the scales in which the
computations of the derivatives are performed. Since ves-
sels appear in different sizes, it is important to introduce
a range of scales according to these vessel sizes in the fea-
ture space. In our application, the minimum scale has been
set equal to the in-plane voxel size, with the number of
scales, d, equal to 10, and the scale-sampling parameter q
equal to 0.2. With this parameter set, the minimum and
maximum scales range from 0.4 to 2.95 mm, which covers
objects from 0.8 to 6 mm, this is, from the thinnest arteries
of interest (PCoA) detected with the in-plane resolution, to
the thickest arteries (ICA) in the datasets.

4.4. Feature rescaling via z-scores

As the probabilities are computed from the Euclidean
distance among feature vectors, the features in the training
and test sets are previously converted into z-scores (Duda
et al., 2001). Thus, being the feature vector f and fi its ith
component, the z-score f̂ i is computed from the formula

f̂ i ¼
fi � mi

si
ð10Þ
where mi and si are the mean and standard deviation of the
sample of the ith feature in the training set.

4.5. Selection of the optimal number of neighbors

The number of neighbors k, is a parameter that controls
the complexity of the non-parametric estimation model. As
k increases, the kNN model becomes more complex, being
able to estimate the distribution of more complicated struc-
tures (low bias), but the generalization error increases and
the accuracy in the estimation falls (high error variance).

In our method, the number of neighbors is selected with
usual model selection techniques from pattern recognition
theory. This parameter is chosen among the ones that pro-
vide an optimal model complexity with the minimal gener-
alization error. Cross-validation (CV) is used for the
selection of the generalization error

CVðkÞ ¼ 1

N

XN

i¼1

LCEðxiÞ ð11Þ

where N is the number of points in the training set and k is
the number of neighbors used to estimate P ðx 2 CijfðxÞÞ
and

LCEðxÞ ¼ �2
X

i

dðCi ¼ CðxÞÞ logðP ðx 2 CijfðxÞÞÞ ð12Þ

is the cross-entropy loss function (Hastie et al., 2001),
where Ci corresponds to a tissue class, CðxÞ corresponds
to the label of x in the training set, and d corresponds to
Dirac’s delta function.

In our application, the generalization error associated
with each training set has been estimated in ten different
experiments using m-fold cross-validation with m = 10-
folds. Fig. 4 shows the curves of the generalization error
for the training sets in 3DRA and CTA as the model
complexity increases. In the case of 3DRA the generaliza-
tion error shows an asymptotic behavior starting from 30



M. Hernandez, A.F. Frangi / Medical Image Analysis 11 (2007) 224–241 231
neighbors. In the case of CTA, the minimal generalization
error is reached approximately from 20 to 30 neighbors and
gradually increases if the model uses more than 30 neigh-
bors in the estimation. Thus, we have considered the use
of 30 neighbors for our non-parametric model.

4.6. Selection of the optimal features

In order to include a further improvement in our non-
parametric estimation model, a feature selection is per-
formed. Floating feature selection (Somol et al., 1999;
Kudo and Sklansky, 2000) is used to find an optimal fea-
ture subset of at most fmax features. The algorithm for fea-
ture selection proceeds including the best two features and
excluding the worst feature from the current optimal subset
of features. The algorithm starts from an empty set and
repeats the process until the size of the optimal subset of
features is fmax. This algorithm is more effective than
sequential feature selection as it incorporates both forward
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Fig. 5. Plot of the correct classification rate (J) associated to the number
of selected features computed in ten different experiments for 3DRA and
CTA.
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Fig. 6. Incidence of a feature in an optimal subset of 20 features for 3DRA (lef
invariant type and in ascending scale order.
and backward directions allowing to remove already
included features if that improves the performance.

The criterion for inclusion or exclusion of features is
based on the correct recognition rate that is estimated from
the cross-validated generalization error

JðXÞ ¼ 1

1þ CV ðXÞ ð13Þ

where X is the current subset of features.
In our application, the size of the optimal subset of

features, fmax, has been estimated from ten different exper-
iments. Fig. 5 shows the curves of the correct classification
rate in 3DRA and CTA as the number of included features
is increased. In the case of 3DRA, the optimal recognition
rate is reached for subsets of approximately 20 features. In
the case of CTA, the optimal recognition rate is reached for
subsets including approximately 30 features. Thus, we have
considered the use of fmax = 20 in the case of 3DRA and
fmax = 30 in the case of CTA.

Fig. 6 shows the incidence of a feature in these optimal
subsets. In the case of 3DRA, intensity features are the
most frequent (100%), with respect to gradient features that
have an incidence of less than the 30% in all cases. Regard-
ing second-order-based features, those computed at low
scales are more frequent that the ones computed at large
scales, and the presence of LiLijLj features prevails over
the others. In the case of CTA, the intensity and the gradi-
ent features computed at low scales are more frequent than
those computed at large scales. In this case, Lii features are
the least frequent and the frequence of LijLji features pre-
vails over the other second-order-based features.

5. Evaluation

The evaluation of the accuracy of medical image seg-
mentation algorithms is a challenging issue. Interactive
slice-by-slice delineation of contours by experts has often
been used as ground-truth for evaluation (Pichon et al.,
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t) and 30 features for CTA (right). The plot shows the features grouped by



Table 2
Locations and sizes of the CTA aneurysms selected for training and
evaluation

Train 1 Train 2 Test

Location Size [mm] Location Size [mm] Location Size [mm]

ACoA 12.10 ACoA 9.90 ACoA-1 4.60
ACoA 5.00 ACoA 6.00 ACoA-2 6.00
ACoA 5.30 ACoA 4.40 PCoA 10.20
ACoA 11.50 PCoA 4.50 MCA-1 6.80
ACoA 4.30 PCoA 7.20 MCA-2 6.30
PCoA 6.90 PCoA 5.90
PCoA 6.00 MCA 8.70
MCA 6.30 MCA 9.80
MCA 8.40 MCA 6.40
MCA 10.20 MCA 6.40

ACoA indicates the anterior communicant, PCoA the posterior commu-
nicant, and MCA the middle cerebral artery, respectively. Sizes measured
over maximum intensity projections (MIP).
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2004; Gan et al., 2005). For the quantification of the per-
formance of segmentation algorithms, different overlap
measures have been proposed in the literature, as volumet-
ric overlap indexes or distance based coefficients. A review
of these measurements for quantification is presented in
Gerig et al. (2001) and Pichon et al. (2004).

We propose an evaluation framework including a quan-
titative study of the performance of our algorithm based on
the spatial overlap between the ground-truth and the
segmentations. To this end, two different dissimilarity mea-
surements are used: (1) a volumetric overlap index derived
from the Kappa statistic (Zijdenbos et al., 1994 and (2) the
absolute surface distances from the ground-truth to the
model-based segmentations. The study also includes a
comparison with the techniques that are most related to
our work, and could compete in performance with our seg-
mentation algorithm for our specific application.

5.1. Datasets

The evaluation study has been performed on a total of
10 cerebral aneurysms, located at the Circle of Willis and
selected from the 3DRA and CTA datasets described in
Section 4.1. In order to assess if the datasets selected for
training significantly influence the final outcome of the
algorithm, two different groups of datasets have been con-
sidered in the learning stage of the algorithm. Tables 1 and
2 show the location and sizes of the aneurysms selected for
training and evaluation from the 3DRA and CTA data
bases, respectively.

5.2. Gold-standard and alternative techniques

The complexity of the cerebral vasculature and the high
variability of the structures in the proximities of the aneu-
rysm, make manual segmentation of the whole vascular
tree cumbersome. In the case of 3DRA, the manual seg-
mentation was performed for the vascular structures with
diameter greater than 1 mm (�3 voxels). In the case of
CTA, the images were cropped into a region of interest
(ROI) to include just the aneurysm and adjacent vessels
in the quantitative study. Manual segmentations were per-
formed by one experienced observer twice. The observer
Table 1
Locations and sizes of the 3DRA aneurysms selected for training and
evaluation

Locations Train 1 size [mm] Train 2 size [mm] Test size [mm]

ACoA 5.59 9.64 9.38
PCoA 5.86 5.74 6.91
MCA 8.31 16.83 6.79
basilar 6.18 7.35 8.39
ICA 11.96 8.33 4.92

ACoA indicates the anterior communicant, PCoA the posterior commu-
nicant, MCA the middle cerebral, and ICA the internal carotid artery,
respectively. Sizes measured in mm over calibrated digital substraction
angiographies (DSA).
traced the contour with a period of 1 month between the
tracings using SNAP application (Yushkevich et al.,
2005). To reduce intra-expert variability, an average seg-
mentation was derived by calculating the average shape
of the manual segmentations using a shape based interpo-
lator (Raya and Udupa, 1990). This average segmentation
has been regarded as the ground-truth in our quantitative
study.

The evaluation study includes a comparison to some
alternative techniques. We have considered K-Means and
the model-based techniques that have been proposed in
the literature for the segmentation of cerebral aneurysms
in 3DRA and CTA.

K-Means clustering (KM), has been used for automatic
labeling in the training stage of our algorithm. K-Means is
an unsupervised classification method based on the
minimization of the variance inside classes. In our imple-
mentation, the images are first preprocessed using an aniso-
tropic diffusion filter (Black et al., 1998) to improve
classification results. Three clusters (vessel, background
and partial volume) are considered in the case of 3DRA,
and five clusters (vessel, background, bone, air and partial
volume) in the case of CTA.

Model-based techniques consist in the use of surface-
based evolution methods associated with the minimization
of variational problems within the level set framework. We
have considered the techniques that include region-based
information in the energy functional in three different
fashions.

Non-parametric geodesic active regions, is the technique
presented in this work. For comparison, the evaluation
study presents results over the non-parametric with feature
selection (NP-FS-GAR) and the non-parametric without
feature selection (NP-GAR) models.

Parametric geodesic active regions (P-GAR), has been
used for the segmentation of cerebral aneurysms in
3DRA (Deschamps, 2001). The energy functional depends
on region and gradient information as defined in Eq. (3). In
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our implementation, the probabilities of the region descrip-
tors are assumed to be Gaussian, estimated from a Gauss-
ian Mixture Model (GMM). As we found that the
expectation maximization (EM) algorithm presented con-
vergence problems in our datasets, we estimated the
GMM parameters from the segmentations achieved by K-
Means.

Active contours without edges (ACWE) minimizes the
variance inside and outside the surface in evolution. In this
model, the gradient information is dropped. Thus, the
energy functional depends only on region information.
This energy, is defined as a simplification of the Mum-
ford-Shah functional under the assumption of piecewise
constant images. This method has been used for the seg-
mentation of CTA in Holtzman-Gazit et al. (2006). In
our implementation, if the image presents two tissues, a
single surface is considered in the evolution (Chan and
Vese, 2001). In the case of three tissues, a multiphase ver-
sion of this algorithm is used (Vese and Chan, 2002).

In our implementation, the same initialization has been
used for the three models consisting in N seed points ran-
domly selected from the ground-truth. The parameters of
the models are listed in Table 3. The common parameters
have been set to equal values in all models. The number
of iterations, nit, has been set to be the needed to reach con-
vergence. In each iteration, the time step Dt has been com-
puted following the Courant–Friedrichs–Levy (CFL)
Condition (Osher and Fedkiw, 2002). For efficiency, all
the computations have been performed in a narrow band
of the zero level set (Adalsteinsson and Sethian, 1995) of
width w. The level set function is reinitialized to a distance
transform using the method proposed by Krissian and
Westin (2003).

5.3. Evaluation metrics

In our quantitative study, two different measures of dis-
similarity are proposed to evaluate the accuracy of a seg-
mentation by comparing the set of segmented voxels (S)
with the set of ground-truth voxels (G). Two different
aspects of the segmentation accuracy have been considered.
In order to compare the volumetric overlap between two
segmentations, we use the Dice Similarity Coefficient
(DSC). In order to evaluate the accuracy between two seg-
mentations having into account subvoxel precision, we use
Table 3
Parameters involved in the model based techniques (non-parametric geodesic a
active contours without edges (ACWE)) and values used in the evaluation exp

Parameter Description

N Number of seed points
f Region-based energy scaling
g Gradient based energy scaling
� Curvature scaling
nit Number of iterations
Dt Time step
w Narrow band amplitude
a metric derived from the point to surface distance within a
statistical framework.

DSC is a special case of the Kappa statistic commonly
used in reliability analysis for multiple applications. DSC
is defined as

DSCðS;GÞ ¼ 2 � jS \ Gj
jSj þ jGj ð14Þ

where jXj denotes the cardinality of the set X. DSC ranges
from 0, if the objects do not overlap, to 1, if the overlap be-
tween the two segmentations is maximal. This coefficient
has been extensively used for validation of segmentation
algorithms in different medical image modalities (Zijdenbos
et al., 1994; Zou and Warfield, 2004; Pichon et al., 2004;
Gan et al., 2005).

For the computation of the DSC values, binary images
have been used to represent the objects. In the case of K-
Means, the objects have been represented by the cluster
associated to the vessel tissue. To obtain the binary images
from model based segmentations, we have performed a
binary thresholding of the distance map associated to the
segmentation.

In our application, DSC provides a global measure-
ment of segmentation accuracy that penalizes for errors
in aneurysm and vessel segmentation and for the existence
of missegmented structures attached to the segmentation.
We have found this event very frequent in our applica-
tion, mainly in CTA cases where the aneurysm is next
to the bone or the crop includes the part of the internal
carotid artery (ICA) that goes trough the skull basis. In
these cases, the DSC coefficient would not properly eval-
uate the accuracy of the segmentations, as one accurate
segmentation of the vessel tissue with an attached piece
of bone, easily removed with surface editing, would pro-
vide the same DSC coefficient than a very inaccurate seg-
mentation. Besides, DSC is a voxel-wise volumetric
measurement and, therefore, it does not have into account
the subvoxel precision provided by model based tech-
niques. For these reasons, a surface based metric is con-
sidered complementary to the DSC index to provide a
dissimilarity measurement that also has into account sub-
voxel precision.

In order to compare the distances between the ground-
truth and the surfaces from model-based segmentations,
we use the absolute surface distance with respect to the
ctive regions (NP-GAR), parametric geodesic active regions (P-GAR) and
eriments

Model Value

NP-GAR, P-GAR, ACWE 100
NP-GAR, P-GAR, ACWE 1.0
NP-GAR, P-GAR 1.0
NP-GAR, P-GAR, ACWE 0.25
NP-GAR, P-GAR, ACWE Until convergence
NP-GAR, P-GAR, ACWE CFL condition
NP-GAR, P-GAR, ACWE 6 voxels
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boundary points of the ground-truth (Fr(G)) within a sta-
tistical framework

dx2FrðGÞðxÞ ¼ dðx; SÞ ð15Þ

In this equation, x denotes the coordinates of the center of
the voxel and d(x,S) is the shortest Euclidean distance from
x to the surface S.

As pointed out by Pichon et al. (2004), d can be consid-
ered as a random variable, D, which describes the discrep-
ancy between the ground-truth G and the surface S. The
statistical measures derived from this random variable,
provide a quantitative interpretation about the perfor-
mance of the evaluated model based technique. The consid-
ered metrics are the probability of error, PE = P(D > 0),
the mean of errors, lD>0 = mean(DjD > 0), the standard
deviation of errors, rD>0 = stdev(DjD > 0) and the error
distance of the worst f% voxels, Df = f � quantile (D).
All this information allows to measure the accuracy of
model based segmentations with respect to the ground-
truth.

5.4. Evaluation results and discussion

Prior to the evaluation results, we analyze the sensitivity
of the training process to the training set. Fig. 7 shows the
image slices of the vessel probabilities associated to the
training sets described in Section 5.1 for a test dataset in
Fig. 7. Comparison of the probabilities estimated with training sets generated
The figure shows the original slice image, the probability for vessel associated to
between both probabilities.

Fig. 8. Comparison of the probabilities estimated with training sets generated
first row shows the original slice image, the probability for vessel associated to
between both probabilities. The second row shows the probability for bone as
difference between both probabilities.
3DRA (ACoA). From the figure, it can be appreciated that
both probabilities are quite similar. The differences in the
estimated probabilities are located at the partial volume
voxels in the transition between vessel and background
and the voxels belonging to the thinnest vessels, specially
if those vessels present low contrast dose inside. These ves-
sel features seem to lie at the decision boundary of the pat-
tern recognition method for this application.

Fig. 8 shows the image slices of the vessel and bone
probabilities associated to the training sets described in
Section 5.1 for a test dataset in CTA (PCoA). From the fig-
ure, it can be appreciated that both probabilities are quite
similar in the locations belonging to vessel tissue. The dif-
ferences in the estimated probabilities are located at partial
volume voxels located in the transition between vessel and
background and between bone and background. In this
application, the decision boundary includes partial volume
features, vessels with low contrast dose inside and vessels
with high contrast dose inside, and bone tissue with low
calcification. These results are extensible to the rest of the
3DRA and CTA data sets in the evaluation study.

The use of different data sets for training does not affect
the final segmentation accuracy in the places of partial vol-
ume voxels as the geodesic active regions include both sta-
tistical and gradient based information in the evolution of
the model. As a result, the evaluation study provides very
similar quantitative results for both learning sessions. For
from different samples associated with a 3DRA clinical dataset (ACoA).
Train 1, the probability for vessel associated to Train 2 and the difference

from different samples associated with a CTA clinical dataset (PCoA). The
Train 1, the probability for vessel associated to Train 2 and the difference

sociated to Train 1, the probability for bone associated to Train 2 and the



Fig. 10. Image slices associated with a CTA clinical dataset (MCA-2). The
first row shows the original slice image, and manual and K-Means
segmentations. In the manual segmentation, the vessel is labelled in white
and the background in black. In the K-Means (KM) segmentation, the
vessel is labelled in grey, the background in black and the partial volume
voxels in grey. The second and third rows show the probabilities
associated with our non-parametric technique with feature selection
(NP-FS) and the parametric (P) model, respectively.
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this reason, we proceed with the evaluation results associ-
ated to the Train 1.

Fig. 9 shows the image slices of the manual and K-
Means segmentations and the probabilities associated with
a test dataset in 3DRA (basilar). The figure shows that K-
Means segmentation is very similar to the ground-truth
with a discrepancy of only a few voxels. Comparing the
probabilities, vessel probabilities estimated with the non-
parametric method are high in the voxels delineated by
the manual segmentation, and low elsewhere, with a
smooth transition in the partial volume voxels. On the
other hand, the probabilities for vessel estimated from
the parametric model are high in the partial volume voxels.

Fig. 10 shows the image slices of the manual and
K-Means segmentations and the probabilities associated
with a test dataset in CTA (MCA-2). In this dataset,
K-Means clustering misclassify the voxels with intensities
located in the transition between bone and background,
as the intensity values in these places are in the same range
as the vessel intensity values. Moreover, the parametric
model presents high values of probability for vessel in such
problematic locations. Contrarily, the non-parametric
model seems to improve probability results specially in
the locations where the other algorithms fail.

Figs. 11 and 12 show the segmentations considered in
the evaluation study. In the case of the 3DRA datasets,
our non-parametric method (NP-FS-GAR) seems to pro-
vide the best performance through the testing datasets.
The segmentation with K-Means (KM) is usually not able
to recover some of the vessels of interest (basilar).
Although our non-parametric method uses K-Means for
training, it is able to recover those vessels. In general, the
performance of K-Means in the rest of the vasculature is
good, although the algorithm fails in the cases of low con-
trast dose (MCA). The model without edges (ACWE)
seems to provide thicker segmentations than the ground-
truth and our method. The quality of the segmentations
provided by the parametric model (P-GAR) is, in general,
Fig. 9. Image slices associated with a 3DRA clinical dataset (basilar). Th
segmentations. In the manual segmentation, the vessel is labelled in white and t
labelled in white, the background in grey and the partial volume voxels in b
parametric technique with feature selection (NP-FS) and the parametric (P) m
lower than the quality achieved by the other models
(PCoA, MCA and basilar).

In the case of CTA datasets, our non-parametric model
(NP-FS-GAR) seems to provide the segmentations with
the best quality in all cases. In the images with bone tissue
next to the aneurysm (PCoA and MCA-2), all the models
are prone to lead the front evolution towards bone-back-
ground transition areas thus segmenting parts of bone tis-
sue attached to the aneurysm body. This problem is less
dramatic in our method as, in most of the cases, the
attached piece of bone is usually smaller, and can easily
be removed with surface editing without affecting the over-
all quality of the segmentation. K-Means (KM) usually
includes vessel and bone tissue in a single cluster (MCA-
2) and vessel with low intensity and background tissue in
the same cluster (PCoA). In the images without bone tissue
e first row shows the original slice image, and manual and K-Means
he background in black. In the K-Means (KM) segmentation, the vessel is
lack. The second row shows the probabilities associated with our non-
odel, respectively.



Fig. 11. Comparison of the 3DRA segmented vascular models with the reference techniques considered in the evaluation study (ACoA, PCoA, MCA,
basilar and ICA). The columns show the results from the manual, K-Means (KM), our non-parametric with feature selection (NP-FS-GAR), parametric
(P-GAR) and active contour without edges (ACWE) methods, respectively.
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(ACoA-1, ACoA-2 and MCA-1), K-Means, the non-para-
metric (NP-FS-GAR) and the parametric (P-GAR) models
seem to perform similar (except for the segmentation of the
thin vessel in MCA-1) and the model without edges
(ACWE) seems to provide thicker segmentations.

Fig. 13 and Table 4, present the DSC values for the seg-
mentations considered in the evaluation study when com-
pared to the ground-truth. As a further comparison,
Table 5 shows the results of the statistical study over the
error distance between manual and model based segmenta-
tions. Both tables present the mean and the standard devi-
ation of the statistical values computed for each method
over the 3DRA and CTA data sets separately.

In the 3DRA evaluation set, the best average overlap
index is achieved by our non-parametric method with fea-
ture selection (NP-FS-GAR), with a DSC average of
91.13%. The overlap index in the case without feature selec-
tion (NP-GAR) is slightly lower than the case with feature
selection in all datasets (DSC average = 90.05%). In
Fig. 13, it is shown that all the segmentations provided
by our technique, produce DSC values greater than the
70%, which indicates an excellent agreement with the
ground-truth in all cases (Zijdenbos et al., 1994). In cases
involving small vessels (basilar) or high partial volume
effects (PCoA and MCA), the parametric model (P-GAR)
usually achieve the worst overlap indexes (DSC aver-
age = 69.03%). In cases of high partial volume effects
involving bone tissue, the overlap index in K-Means
(KM) is low (DSC = 46.74%). In all cases, the method
without edges provides segmentations thicker than the
ground truth. As result, the DSC average equals to 77.39%.

In Table 5, our non-parametric method with feature
selection (NP-FS-GAR) has the lowest probability of error
(PE = 16.16%) while the parametric model (P-GAR) and
the model without edges (ACWE) have the highest proba-
bility of error (41.93% and 36.64%, respectively). The low-
est mean distance error corresponds to our method, that is
close to the in-plane resolution (0.40 mm). Besides, in our
model, the 95% of the points have a distance to the ground
truth less than two voxels (0.76 mm). On the other hand,
the value of D0.95 for the parametric model (P-GAR) and
the model without edges (ACWE) are equal to 0.97 and
1.06 mm, respectively.

In the CTA evaluation set, the quality of the segmenta-
tions strongly depends on the presence of bone tissue in the
dataset that is evaluated, as shown in Fig. 13. The DSC



Fig. 12. Comparison of the CTA segmented vascular models with the reference techniques considered in the evaluation study (ACoA-I, ACoA-II, PCoA,
MCA-I, and MCA-II). The columns show the results from the manual, K-Means (KM), our non-parametric with feature selection (NP-FS-GAR),
parametric (P-GAR), and active contour without edges (ACWE) methods, respectively.
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Fig. 13. DSC values for the methods considered in the evaluation study: K-Means (KM), our non-parametric geodesic active regions with and without
feature selection (NP-FS-GAR and NP-GAR), parametric geodesic active regions (P-GAR), and Active Contours Without Edges (ACWE). The left figure
presents the results for the 3DRA and the right figure for the CTA datasets, respectively.
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coefficient indicates an excellent overlap, with the same
trends appreciated in the 3DRA evaluation set, if the image
presents just vessel and background tissues (ACoA-1 and
MCA-1), or the bone tissue is not located in vessel proxim-
ities (ACoA-2). However, in the cases with bone tissue
located next to the vessel tissue (PCoA and MCA-2), the



Table 4
Mean and standard deviation of the DSC values for the methods
considered in the evaluation study: K-Means (KM), non-parametric
geodesic active regions with and without feature selection (NP-FS-GAR
and NP-GAR), parametric geodesic active regions (P-GAR), and active
contours without edges (ACWE)

KM NP-FS-GAR NP-GAR P-GAR ACWE

3DRA

Mean (%) 80.73 91.13 90.05 69.03 77.39
SD (%) 19.72 3.15 4.18 28.19 5.27

CTA

Mean (%) 67.54 73.31 71.69 60.50 63.63
SD (%) 24.62 12.85 13.72 27.03 9.63

Table 5
Statistical study of the dissimilarity between manual and model-based
segmentations: non-parametric geodesic active regions (NP-GAR and NP-
FS-GAR), parametric geodesic active regions (P-GAR), and active
contours without edges (ACWE)

PE (%) lD>0

[mm]
rD>0

[mm]
D0.95

[mm]
D0.99

[mm]

3DRA

NP-FS-
GAR

16.16 0.40 0.48 0.76 2.94
5.20 0.10 0.41 0.11 3.12

NP-GAR 17.88 0.42 0.49 0.85 2.99
6.80 0.12 0.41 0.21 3.02

P-GAR 41.93 0.48 0.45 0.97 2.71
31.35 0.12 0.41 0.27 3.07

ACWE 36.64 0.61 0.47 1.06 2.99
7.02 0.10 0.32 0.13 2.71

CTA

NP-FS-
GAR

40.77 0.38 0.29 0.90 1.33
16.66 0.09 0.05 0.15 0.35

NP-GAR 42.63 0.40 0.30 0.93 1.34
17.39 0.09 0.05 0.15 0.32

P-GAR 52.58 1.40 1.54 4.83 6.27
26.28 2.07 2.57 8.23 9.69

ACWE 52.75 0.55 0.39 1.37 1.86
10.26 0.10 0.23 0.74 1.26

The first row for each model represents the mean and the second row, the
standard deviation of the quantities, measured in mm, over the datasets.
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DSC coefficient is lower than the 70%. In the cases without
bone proximity, the best overlap index is achieved by
K-Means method (KM), although, our non-parametric
model (NP-FS-GAR) achieves the best average overlap
index (DSC average = 73.31%), as in the cases with bone
proximity (PCoA, MCA-2), our non-parametric method
improves considerably the performance of K-Means.

In Table 5, the probability of error (PE) is usually higher
than in 3DRA. Our non-parametric method with feature
selection (NP-FS-GAR) still has the lowest probability of
error (PE = 40.77%). In the parametric model (P-GAR)
and the model without edges (ACWE), the probability of
error is greater than the 50%. The mean distance error
and the standard deviation are comparable to 3DRA in
our method (NP-FS-GAR and NP-GAR) and the model
without edges (ACWE). The lowest mean distance error
corresponds to our method (NP-FS-GAR) and is close to
the in-plane resolution. The parametric model (P-GAR)
has a mean distance error next to 4 voxels (1.40 mm) with
a standard deviation of 1.54 mm. In our model (NP-
FS-GAR), the 95% of the points have a distance to the
ground truth less than 0.90 mm while in the model without
edges and the parametric model D0.95 equals to 1.37 and
4.83 mm, respectively.

6. Conclusions

In this work, we have presented an automatic method
for segmentation of cerebral vascular structures applied
to the segmentation of cerebral aneurysms in 3DRA and
CTA. Our technique consists in a geometric deformable
model that evolves minimizing an energy functional that
incorporates statistical region-based information estimated
in a high-order multiscale feature space with a non-para-
metric model. Due to the generality of the proposed frame-
work, it could be applied to the segmentation of other
organs and/or medical imaging modalities by training the
classifier with suitable data.

In most previous works, the estimation of the probabil-
ities for region description assumes that the distribution of
the feature space can be described using parametric models.
More in particular, the probabilities are usually computed
from the intensity distribution using a Gaussian Mixture
Model. In our application, vascular tissue usually occupies
a very small proportion compared to the background and
bone tissue image volume. Moreover, depending on the
aneurysm size and location, this proportion hugely varies
from one dataset to another. For these reasons, the Gauss-
ian model can lead to inaccurate probability estimations
and introduce severe errors in the segmentation. We pro-
pose a non-parametric method for probability estimation.
This way, no constraint is imposed over the statistical esti-
mation that is performed from a significative sample of
points in the feature space.

The feature space is computed from the set of differential
invariants up to second-order, appropriate for the descrip-
tion of the local image structure. The use of higher-order
information and, in particular, the use of second-order
information provide a richer description of the different tis-
sues in medical imagery than the description solely provided
by the intensity distributions. Specifically, high-order multi-
scale features seem particularly useful in the discrimination
of tissues with intensity levels lying at different tissue transi-
tions. In our previous conference works (Hernandez et al.,
2003; Hernandez and Frangi, 2004, 2005), we proposed
the use of two different feature spaces specifically oriented
to the discrimination of tissues involving tubular structures.
However, although the feature space based on differential
invariants is not oriented to this specific application, it pro-
vided the best performance.

In this work, a protocol for the selection of the data-
sets and point sample for training set construction has
been proposed. In addition, the non-parametric model
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has been fitted to the specific application using cross-val-
idation and feature selection techniques to achieve the
best estimation for each of the tissue classes associated
to the learning system. The process used for training
set generation and parameter fitting implicitly determines
the decision boundary of our method. It remains an open
issue how to construct the training set with the highest
generalization power for our application, due to the high
variability of patterns existing in the feature space. In the
3DRA datasets, the decision boundary includes partial
volume features and vessels with low contrast dose
inside. In the case of CTA datasets, the decision bound-
ary includes partial volume features, vessels with low
contrast dose inside, aneurysm with high contrast dose
inside, and bone tissue with low calcification. The seg-
mentations are robust in the places of partial volume
voxels and inside the aneurysm dome since geodesic
active regions include both statistical and gradient based
information in the evolution of the model. However,
depending on the samples used for training, the segmen-
tations could perform different in the segmentation of
thin vessels or bone tissue. Nevertheless, these arteries
are usually of low interest in both clinical and technical
applications (like computational fluid dynamics or mor-
phological characterization) and, in the majority of the
cases, bone tissue can be easily removed with surface
editing tools.

The proposed methodology has been thoroughly eval-
uated against manual segmentations as ground-truth and
compared to other techniques. The proposed method has
been applied to a total of 10 clinical datasets of cerebral
aneurysms representing the most typical morphologies
observed in our 3DRA and CTA data bases in the most
frequent locations. Firstly, the influence of the selection
of the datasets for training in the performance of the
learning system has been shown in two representative
examples. Secondly, a qualitative evaluation of the seg-
mentation results has been visually assessed. For the
quantitative analysis, both an overlap coefficient (DSC)
and the statistics over the distance (D) from the
ground-truth to the surface have been computed. With
our technique (NP-FS-GAR), the average DSC indexes
were equal to 91.13% and 73.31% in 3DRA and CTA,
respectively. The mean distance error was close to the
in-plane resolution (0.40 and 0.38 mm, respectively) and
the 95% of the points of the model had a distance to
the ground truth less than 0.76 and 0.90 mm, respec-
tively. In comparison, the average DSC indexes for the
active contours without edges model (ACWE) were equal
to 77.39% and 63.63%, respectively and the average dis-
tance to the ground truth were equal to 0.61 and
0.55 mm, respectively. The quantities computed from
the parametric geodesic active contours (P-GAR) indi-
cated a much lower performance. Thus, both quantita-
tively and qualitatively, our technique has proven to
yield more accurate results when compared to these other
competing techniques.
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