Active shape model based segmentation of abdominal aortic
aneurysms in CTA images
Marleen de Bruijne, Bram van Ginneken, Wiro J. Niessen, J.B. Antoine Maintz, Max A. Viergever
Image Sciences Institute, University Medical Center Utrecht, The Netherlands
ABSTRACT
An automated method for the segmentation of thrombus in abdominal aortic aneurysms from CTA data is
presented. The method is based on Active Shape Model (ASM) ﬁtting in sequential slices, using the contour
obtained in one slice as the initialisation in the adjacent slice. The optimal ﬁt is deﬁned by maximum correlation
of grey value proﬁles around the contour in successive slices, in contrast to the original ASM scheme as proposed
by Cootes and Taylor,1 where the correlation with proﬁles from training data is maximised. An extension to
the proposed approach prevents the inclusion of low-intensity tissue and allows the model to reﬁne to nearby
edges. The applied shape models contain either one or two image slices, the latter explicitly restricting the
shape change from slice to slice.
To evaluate the proposed methods a leave-one-out experiment was performed, using six datasets containing
274 slices to segment. Both adapted ASM schemes yield signiﬁcantly better results than the original scheme
(p <0.0001). The extended slice correlation ﬁt of a one-slice model showed best overall performance. Using
one manually delineated image slice as a reference, on average a number of 29 slices could be automatically
segmented with an accuracy within the bounds of manual inter-observer variability.
Keywords: active shape model, image segmentation, contour matching, CT, abdominal aortic aneurysm, blood
vessels

1. INTRODUCTION
An abdominal aortic aneurysm (AAA) is an enlargement of the infrarenal abdominal aorta, resulting from
weakened arterial walls. Once present, AAAs continue to enlarge and, if left untreated, become increasingly
susceptible to rupture, which usually results in death. Worldwide, approximately 100,000 surgical interventions
for AAA repair are performed each year, of which 30 % are endovascular. After endovascular aneurysm repair,
in which a synthetic graft is placed inside the aorta, the process of aneurysm shrinkage, ongoing aneurysmal
disease, and damage or fatigue of graft material may result in leakage, graft migration, and kinking or buckling of
the graft, which can subsequently cause rupture or occlusion. Careful and frequent patient follow-up is therefore
required.2 Each patient is scanned every three to twelve months, depending on the state of the aneurysm.
It has been demonstrated that change of aneurysm volume is a good indicator for the risk of aneurysm
rupture.3 Currently, the gold standard for volume assessment is spiral Computer Tomography Angiography
(CTA). The standard follow-up procedure includes a manual aneurysm delineation,4 generally referred to as
‘thrombus segmentation’, since after successful graft placement the aneurysm sac surrounding the graft is completely ﬁlled with thrombus. The manual segmentation is a time-consuming process — it takes an experienced
operator around 30 minutes — and suﬀers from inter- and intra-operator variations. Wever et al.5 reported
averaged inter-observer volume errors of 8.3% and intra-observer errors, for two observers, of 3.2% and 5.8%.
To reduce analysis time and increase reproducibility, automated segmentation would be of great value.
However, the images are diﬃcult to segment. The thrombus boundary can be obscured by surrounding tissue
of similar greyvalue, and many neighbouring structures induce strong edges in close proximity to the aneurysm
wall. Quickly changing aneurysm radius in combination with partial volume eﬀects makes the boundary hard to
distinguish even in the absence of neighbouring structures. Thrombus texture and greyvalue can vary with the
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presence of calciﬁcations, graft metal, and intravenous contrast. In addition, the shape and size of aneurysms
vary considerably between patients as well as in one patient over time. Figure 1 shows some examples of CTA
slices, illustrating the diversity of aneurysm and background appearance.

Figure 1: Four CTA slices of diﬀerent patients, the aneurysm delineated manually.

Most publications on automated AAA segmentation have concentrated on lumen segmentation, either in
pre-operative6–9 or in post-operative CTA scans.10 The more diﬃcult problem of thrombus segmentation is
less frequently addressed. Subasic et al.11 propose the use of 2D level sets for thrombus boundary segmentation,
using the output of a 3D level set lumen segmentation as initialisation. They deﬁne a stopping criterion based
on curve expansion speed that should prevent the level set from growing into surrounding tissue. Our experience
with these images in combination with level set methods is that curvature constraints alone can not cope with
the large regions lacking boundary evidence, and a more restrictive shape model is required.
In this work, we investigate the applicability of statistical shape and appearance models to AAA segmentation. We focus on Active Shape Models (ASM) as put forward by Cootes and Taylor,1, 12, 13 which combine
statistical knowledge of object shape and shape variation with local appearance models near object contours.
ASMs have been successfully applied to various segmentation tasks in medical imaging.14–21 Applications in
3D have either used a full 3D model14 or a 2D model applied to image slices.15, 20 Mitchell et al.20 proposed
the use of a hybrid active shape model/active appearance model, ﬁtted to several cardiac MR image slices
independently. Cootes et al.15 reported successful slice-by-slice ASM segmentation of the ventricles in 3D MR
datasets, using the ﬁtted shape in one slice as the initialisation in the next slice.
In the case of AAA segmentation, the length of the objects to be segmented can vary considerably. To
keep the number of landmarks in a full 3D model constant for all datasets, resampling along the aneurysm axis
would be needed, either reducing the amount of information used for ﬁtting — thus decreasing robustness — or
inducing diﬀerences in greyvalue statistics. We therefore approach the problem of 3D thrombus segmentation
in a slice-by-slice manner, similar to the method described by Cootes et al.15
Conventional ASMs use a model generated from greyvalue proﬁles in training images to ﬁt the shape model to
the image. AAAs, being situated in the abdomen, have such a diverse range of possible surrounding structures,
varying in location, shape, intensity and texture, between patients as well as in one patient over time, that a
linear model of greylevel structure about the contours may not be able to ﬁnd the true contour in a new image.
However, an important indicator for the image structure in one image slice is the structure in the adjacent
slices. We propose a modiﬁed ASM scheme in which optimal landmark positions are deﬁned by maximum
greyvalue proﬁle correlation with adjacent slices rather than by correlation with proﬁles from the training data.
In addition, a penalty function that prevents the inclusion of low-intensity tissue, and a reﬁnement step, which
allows the model to attract to nearby edges, are suggested.
Section 2 brieﬂy reviews the conventional ASM segmentation scheme. The adaptations we propose for the
segmentation of AAA are discussed in section 3. The results of these methods as applied to six CTA scans, compared with original ASM segmentation and manually drawn contours, are presented in Section 4. A discussion
and conclusions are given in Sections 5 and 6.
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2. ACTIVE SHAPE MODELS
This section describes the ASM segmentation scheme as proposed by Cootes and Taylor. Shape variations in a
training set are described using a Point Distribution Model (PDM). The shape model is used to generate new
shapes, similar to those found in the training set, that are ﬁtted to the data using a model of local greyvalue
structure.

2.1. Point Distribution Models
In PDMs, a statistical model of object shape and variation is derived from a set of s training examples. The
shape of the training examples is described by a number of n landmark points, which must be identiﬁed in each
example. Variations in the coordinates of the landmark points describe the variation in shape and pose of the
training examples.
A shape can be described by its shape vector containing all landmark coordinates, in 2D:
x = (x1 , y1 , x2 , y2 , . . . , xn , yn ).

(1)

If we wish to allow translation, rotation, and scaling when ﬁtting the model to a new image, the shape vectors
should be aligned to remove variation which could be associated with these transformations, thus minimising
non-linearities. However, the alignment can also be omitted. The model can then only generate shapes with a
position, orientation and size as are observed in the training set.
To reduce the dimensionality of the data, Principal Component Analysis (PCA) is applied, with which
shapes are described by their deviation from the mean shape. The mean shape is given by
s

1
xi
s i=1

(2)

1 
(xi − x)(xi − x)T .
s − 1 i=1

(3)

x=
and the 2n × 2n covariance matrix S is
s

S=

The eigenvectors φi of S provide the modes of shape variation present in the data. Any shape x in the
dataset can be represented as
(4)
x = x + Pb
where P is the concatenation of eigenvectors of S, i.e. P = (φ1 |φ2 | . . . |φ2n ). The eigenvectors corresponding
to the largest eigenvalues λi account for the largest shape variation. Usually, most of the variation can be
explained by only a small number of modes. Each shape x in the set can thus be approximated by
x ≈ x + Φb

(5)

where Φ consists of the eigenvectors corresponding to the t largest eigenvalues, Φ = (φ1 |φ2 | . . . |φt ). The tdimensional vector b, containing the model parameters, indicates how much variation is exhibited with respect
to each of the eigenvectors,
(6)
b = ΦT (x − x).
If we assume that the landmark points are normally distributed, λi is the variance of the ith model parameter
bi across the training
√ set, and 99% of all shapes that are in the training data can be described with bi within
the bounds of ± 3 λi .

The total variance in the dataset is given by
λi . The number t of modes in the model is chosen such that
the model captures a certain proportion fv of the total variance observed:
t

i=1

λi ≥ fv

2n


λi .

(7)

i=1
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2.2. Modelling local greyvalue structure
In the original formulation of ASM, the appearance of the training images near object contours is modelled
using greyvalue proﬁles around the landmark points. A proﬁle gi of k pixels is sampled on either side of the
landmark, perpendicular to the contour. The eﬀect of global intensity changes is reduced by sampling the ﬁrst
derivative and normalising the proﬁle.
To enable coarse to ﬁne ﬁtting of the shape model, the proﬁles are sampled at multiple resolutions. The
ﬁnest resolution uses the original image and a step size of one pixel, the next resolution is the image observed
at scale σ of one pixel (obtained by convolution with a Gaussian kernel of width σ) and a step size of two
pixels. Subsequent resolutions are obtained by doubling both the image scale and the step size. The normalised
samples for one landmark and for all training shapes are assumed to be distributed as a multivariate Gaussian,
and the mean g and covariance Sg are computed.
The measure of dissimilarity of a new proﬁle gs to the proﬁles in the distribution is given by the Mahalanobis
distance f (gs ) from the sample to the model mean:
f (gs ) = (gs − g)T S−1
g (gs − g).

(8)

Minimising f (gs ) is equivalent to maximising the probability that gs originates from the proﬁle distribution.

2.3. Active Shape Model ﬁtting
From coarse to ﬁne resolution, the model is ﬁtted to the image in an iterative procedure. The process initialises
with the mean shape. For all landmarks, ns possible new positions along the line perpendicular to the contour
are evaluated. The optimal position is the location where the Mahalanobis distance from the local proﬁle to the
model is minimal. The shape model and pose parameters are adjusted to ﬁt the optimal landmark positions.
This process is repeated a ﬁxed number of times N or until changes in the model parameters become negligible,
whereupon it is repeated at the next level of resolution.

3. ASM APPLIED TO 3D AAA SEGMENTATION
This Section describes the application of ASM to AAA segmentation. The choices we made for the shape model
are discussed in Section 3.1. The resulting model can be ﬁtted to the image as was described in the previous
Section. We propose two alternatives for the greylevel appearance model, which are discussed in Sections 3.2
and 3.3.

3.1. Shape modelling
We approach the problem of 3D thrombus segmentation in a slice-by-slice manner. The original CT-slices,
which are perpendicular to the body axis and therefore always give approximately perpendicular cross-sectional
views of the aorta, are used. One manually delineated image slice in the middle of the aneurysm is used as a
reference. A plausible shape from the shape model is ﬁtted in both adjacent slices, using the reference shape
as initialisation. For the succeeding slices, the process is repeated, each time using the previous slice as the
reference.
In the absence of well-deﬁned anatomical landmark points, the landmarks are equidistantly placed along the
object contours. The starting point of a contour is the point near the vertebra having the same y-coordinate
as the centre of mass. All contours are aligned such that the centres of the adjacent contours coincide. In this
way, translations between slices are contained in the model. No additional translation, rotation or scaling will
be allowed during the ﬁtting of the model.
Two approaches were tested: the ﬁrst modelling all slices independently, the second combining two adjacent
slices in one model. During ﬁtting of the latter, the shape in the reference slice is kept constant and the
deformation of the adjacent contour is constrained by the reference shape.
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3.2. Slice-to-slice correlation
We propose a modiﬁed ASM scheme in which optimal landmark positions are deﬁned by maximum greyvalue
proﬁle correlation with adjacent slices rather than by correlation with proﬁles from the training data.
For each landmark, a proﬁle of k pixels on either side of the landmark point in the normal direction is
sampled from the image, at multiple levels of resolution, similar to the method described in 2.2. The optimal
landmark position is the position where the sampled patch is most similar to the corresponding patch sampled
from the reference slice for that landmark. The similarity measure used is the normalised cross correlation, Ncc:
k


Ncc = 

x=−k
k

x=−k

Is−1 (x) · Is (x)
2

Is−1 (x) ·

k

x=−k

(9)
Is (x)

2

where Is and Is−1 are the pixel intensities in the examined proﬁle and in the reference proﬁle respectively. The
Ncc is maximised in the ﬁtting procedure.

3.3. Incorporating object intensity and gradient
As can be seen from Figures 1 and 2, the intensity distribution of the thrombus is relatively homogeneous. It
can contain bright calciﬁcations, graft metal or contrast enhanced blood, but does not, apart for some metal
induced artefacts, contain tissue with greyvalues below a certain intensity threshold. This can be incorporated
in the ﬁt procedure by penalising model instances that include low intensity-tissue. We do not allow new
landmark positions for which more than one of a number of ni samples taken inwards has an intensity below
a threshold T . If none of its evaluated new positions is allowed, the landmark is not moved. The threshold T
could be obtained from the training data, but as thrombus intensity will not vary much between patients we
keep it constant at 1150, leaving about 99% of the aneurysm labelled as ‘possibly thrombus’.

Figure 2. Intensity distribution in the aneurysm, obtained from six CTA scans. The greyvalues given are Hounsﬁeld
units, scaled between 0 and 4095.

Moving along the axis, almost all landmark points will encounter several slices where image edge evidence is
absent, whereas it may be present again in the following slice. As we maximise local similarity with respect to
the reference slice, we risk the landmarks being pushed away from the ‘new’ edge, although we know that the
thrombus boundary does coincide with an edge in most cases. We try to overcome this problem by employing
local gradient information in the ﬁtting procedure. Since the thrombus wall can be either a transition to lighter
(bone, contrast enhanced vessels) or to darker tissue, we will use the absolute gradient value.
First, the model is ﬁtted using local intensity correlation with the reference slice, at all levels of resolution.
Subsequently the model is allowed to reﬁne to nearby strong edges at the ﬁnest resolution. A number nrs of
possible new landmark positions along the line normal to the boundary is evaluated. The derivative along the
normal is approximated using ﬁnite diﬀerences, and the function f (x) to be maximised in the ﬁtting procedure
is given by:
f (x) = |I(x + 1) − I(x − 1)| · Ncc.
(10)
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4. EXPERIMENTS AND RESULTS
Our database consists of CTA scans with accompanying binary volume segmentations that were obtained
through manual delineation by an expert. The scan resolution is 0.485 × 0.485 × 2.0 mm. The images consist of
circa 125 slices of 512 × 512 voxels, of which 25 to 60 slices contain aneurysmal tissue. In this work, we have
analysed six CTA images of six diﬀerent patients, including one pre-operative and ﬁve post-operative scans. We
performed a leave-one-out experiment: six shape models are built of ﬁve datasets, with which the sixth dataset,
not included in the model, is segmented.

4.1. Shape model
Figure 3 shows the ﬁrst six modes of the one-slice model trained with all six datasets. The amount of variance
explained by the model is plotted as a function of the number of modes in Figure 4. To describe at least 99%
of the total amount of variation present in the training set, 6 modes are needed in the one-slice model and 10
in the two-slice model.

Figure 3. The eﬀect of varying the ﬁrst six modes of shape variation individually in a one-slice model
built from all six
√
datasets, using a total of 274 slices. The mean shape (solid line) and both allowed extremes ± 3 λi (dotted lines) are
shown.

The validity of the shape model is tested by ﬁtting it directly to the contours that were manually drawn,
which gives an upper bound for the accuracy that can be obtained when the model is ﬁtted to new image data.
The error in landmark position is deﬁned as the minimum distance from the landmark to the ﬁtted contour.
Figure 4 shows the mean error as a function of the number of modes retained. The ﬁt accuracy is better for the
one-slice model, but for both models the errors are small. For a model containing 10 modes the mean error was
0.81 voxels (0.39 mm) for the one-slice model and 0.97 (0.24 mm) voxels for the two-slice model. The averaged
maximum errors per slice were 2.3 and 2.7 voxels and the overall maximum errors were 11 and 12 voxels.
For a model containing 25 modes, the error as a function of the number of datasets used for training is
shown in Figure 5. These are the results for all possible combinations of training sets out of the six datasets,
for ﬁt errors on new data as well as on datasets that were contained in the model. With only two training sets,
comprising about 100 slices, reasonable results can be obtained. The mean landmark positioning error in that
case was 0.44 voxels for the one-slice model and 0.62 for the two-slice model. However, if more datasets were
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added, the ﬁt error for new shapes would eventually equal the error for shapes already present in the training
set. This indicates that our results could still improve if more training sets were used.
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Figure 4. (a) The amount of variance explained by the model as a function of the number of modes, for the one-slice
model (solid line) and the two-slice model (dotted line).
(b) Mean error as a function of the number of modes contained in the model, for the one-slice model (solid line) and the
two-slice model (dotted line).
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Figure 5. Mean error as a function of the number of datasets, for the one-slice model (left) and the two-slice model
(right). The solid line shows the result for the leave-one-out experiment; the dotted line is the result if the training set
contains the dataset to segment.

4.2. Fitting the model
We have investigated three schemes for evaluating the optimal landmark positions, as was discussed in Section 3:
1. Statistical model of local image structure (original ASM, Section 2.2)
2. Greyvalue correlation with adjacent slices (Section 3.2)
3. Greyvalue correlation with adjacent slices, combined with local intensity and gradient information (Section 3.3)
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The parameters used in all experiments are listed in Table 1.
Table 1. Parameters for the three segmentation schemes; the values used in this report are given between parentheses.
General
s
Number of training image slices, diﬀering per segmented volume (∼ 230)
Shape model
n
Number of landmark points (50)
fv Part of shape variance to be explained by the model (0.995), controlling the number of modes t
(9–14)
m Bounds on eigenvalues λi (3)
Appearance model
k
Number of points in proﬁle to sample on either side of the landmark point (3)
ni Number of points to sample inwards to detect diﬀerent-intensity tissue, scheme 3 (6)
Fitting algorithm
ns Number of new landmark positions to examine per iteration on either side of the current position
(3)
nrs Number of new landmark positions to examine per reﬁnement iteration on either side of the current
position in scheme 3 (2)
L
Number of resolution levels (3)
N Number of iterations per resolution level (5)

The segmentations obtained are compared to manual segmentations. The relative volume of overlap of two
volumes A and B is deﬁned by
|A ∩ B|
.
(11)
2
|A| + |B|
Figure 6 shows the relative overlap with the manual segmentations that were obtained for the three schemes,
for all scans and slices. The horizontal line indicates the level of inter-observer reproducibility (91.7%).5 Note,
that the inter-observer errors as quoted are not completely comparable to the relative volume of overlap in our
experiments. The referred study describes the relative volume error per volume instead of per slice, without
taking the overlap into account.
In datasets II and IV the original ASM scheme yields results that are comparable to those of the ﬁrst scheme
using correlation between slices. In all four other datasets the results obtained by the slice correlation scheme
are considerably better. The number of slices segmented correctly, i.e. within the bounds of manual interobserver reproducibility, was 86 (32%) for the conventional ASM scheme and 105 (39%) for the slice correlation
scheme. Due to the strong inﬂuence of the reference slice on the slice to segment, errors are propagated through
the dataset. Once the optimal contour is lost, it is not likely to be recovered in the remaining slices. The
incorporation of thrombus intensity and gradient increases the probability that the error is corrected in the
next slice and thus improves performance of the slice correlation scheme substantially; now 176 slices (66%) are
segmented correctly. A paired t-test on the overlap values of the ﬁrst 20 slices, 10 on each side of the initialisation
slice, showed that both improvements are signiﬁcant (p <0.0001). An example of the segmentations obtained
is given in Figure 7.
Figure 8 shows the results of the two-slice model together with those of the one-slice model, both ﬁtted with
the optimal scheme which combines slice correlation with intensity and gradient information. The graphs reveal
that similar results are obtained in many slices, but if the methods diverge the one-slice model usually performs
better (p <0.0001 in a paired t-test). An example of the segmentations obtained is given in Figure 9.

5. DISCUSSION
It was shown that, using an ASM based approach, a large number of contours can be deduced from one
initialisation contour drawn manually. However, performance deteriorates with distance from the reference
contour. Up to 42 slices could be segmented using one reference contour, but this number could be less in the
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Figure 6. Results for each of the six datasets, obtained by the one-slice model. The relative volume of overlap with
respect to the manual segmentation is plotted for each slice, for the segmentations obtained using the three ﬁtting
schemes. The slice in the middle of the plot, with overlap 1, is the reference slice from which sequential slices are
segmented in both directions. The horizontal line indicates the approximate level of inter-observer reproducibility of the
manual segmentations (91.7%).

Figure 7. A typical example of segmentations obtained. The left image shows the reference slice of dataset I, with
the manual initialisation. The middle image is of one slice below the reference, the right is taken ten slices lower. The
original ASM scheme (solid line) has drawn to a diﬀerent boundary, the slice correlation scheme (crosses) gave a good
segmentation in the ﬁrst slice but has slided away after several slices, and the extended slice correlation scheme (pluses)
yields the right segmentation.

aneurysm top and bottom, where quickly decreasing aneurysm radius in combination with anisotropic voxels
decrease contrast. The method as presented would, in an interactive setting, increase segmentation speed and
reproducibility, but is not yet accurate enough for fully automated segmentation.
We found that modelling two successive slices, thus restricting the possible shape changes between slices,
yields less good results than modelling all slices independently. Although ﬁt errors are less likely to occur, if they
do occur they are less likely to be corrected in an adjacent slice. However, Figure 5 reveals that the minimum
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Figure 8. The one-slice and two-slice models compared. The relative volume of overlap with respect to the manual
segmentation is plotted for each slice, for the segmentations obtained using both models and the extended slice correlation
scheme.

Figure 9. An example where the one-slice model performs better. These images are taken from dataset IV, from left to
right ﬁve, seven and fourteen slices below the initialisation slice. The contour obtained by the one-slice model is depicted
with pluses, the two-slice contour with pluses and a solid line. In one slice a slightly ﬂattened shape is ﬁtted (left). In
successive slices (middle and right) this shape is extrapolated by the two-slice model, while the one-slice model recovers
the true aneurysm shape.

error for the two-slice model ﬁt still decreases with new data added to the training set. A larger training set
would make the model more general and may solve the problems we observed. The 3D nature of the method
could be further improved by adding more slices to the model, or by e.g. adjusting the allowed size of the model
with distance from the initialisation slice. Then, certainly more training data will be needed.
The used similarity measure, Ncc, may not be the best measure for maximising the probability that both
proﬁles are located at the same anatomical edge in sequential slices. Two patches with a small intensity diﬀerence
for all pixels may yield a lower Ncc, thus a better ﬁt, than two patches with a large intensity diﬀerence for a
few pixels (for example a new background structure showing up) and equal intensities for the remaining pixels.
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The use of other similarity measures, for example histogram-based measures, might improve the results. What
is a good similarity measure could be derived from the training data.
Moreover, original ASMs on the one hand and the schemes employing slice correlation on the other hand are
extreme cases, where in the ﬁrst no information of neighbouring slices is used, while in both modiﬁed schemes
no model information is used. As a consequence, segmentation errors are propagated through the dataset in the
slice correlation schemes. A hybrid scheme combining both model information and information of neighbouring
slices could improve overall performance. It was shown that the original ASM scheme, using local proﬁle models,
does not perform well on these images. This may be owing to the underlying assumption of a normal proﬁle
distribution. In the presence of distinct background structures of varying shape and brightness this assumption
does not hold. The use of non-linear models22 or a non-linear classiﬁer21 could be more suitable.
The dependency on image slicing and orientation restricts the use of this method to segmentation tasks where
the shape change between slices is not too large and the object is always imaged in approximately the same
direction. However, many medical images are made using ﬁxed scan protocols which satisfy these conditions.

6. CONCLUSIONS
A new approach to the semi-automatic segmentation of thrombus in abdominal aortic aneurysms, based on active
shape model ﬁtting in sequential slices, is reported. We investigated the use of a one-slice model, modelling
all slices independently, as well as a two-slice model, where the shape change between slices is restricted. Two
modiﬁcations with respect to the conventional ASM approach were evaluated:
1. Correlation with greyvalue proﬁles of adjacent slices, rather than greyvalue proﬁles obtained from the
training set, was used to determine the optimal landmark positions.
2. The proposed scheme was extended with a penalty function for inclusion of low-intensity tissue and a
reﬁnement step to locally adjust the position of the landmarks to points with maximum gradient.
In a leave-one-out experiment with six datasets, comprising a total number of 274 aneurysm slices, ﬁtting on
slice correlation alone outperformed the conventional ASM, and the proposed extension to the slice correlation
scheme still improved the results signiﬁcantly. The results obtained by the one-slice model were better than
those of the two-slice model (all with p <0.0001 in a paired t-test).
Using the extended slice correlation scheme and the one-slice model on average 29 slices could be segmented
with an accuracy at least as good as the inter-observer reproducibility of manual delineation, while the user had
to draw only one contour. For the basic slice correlation scheme this number was 18, and 14 for the original
ASM.
These results show that shape model based segmentation of AAA will be valuable in speeding up the current
manual segmentation process.
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