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Structures
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Abstract—This paper presents a deformable model for auto-
matically segmenting brain structures from volumetric magnetic
resonance (MR) images and obtaining point correspondences,
using geometric and statistical information in a hierarchical
scheme. Geometric information is embedded into the model via
a set of affine-invariant attribute vectors, each of which charac-
terizes the geometric structure around a point of the model from
a local to a global scale. The attribute vectors, in conjunction
with the deformation mechanism of the model, warranty that
the model not only deforms to nearby edges, as is customary in
most deformable surface models, but also that it determines point
correspondences based on geometric similarity at different scales.
The proposed model is adaptive in that it initially focuses on the
most reliable structures of interest, and gradually shifts focus to
other structures as those become closer to their respective targets
and, therefore, more reliable. The proposed techniques have been
used to segment boundaries of the ventricles, the caudate nucleus,
and the lenticular nucleus from volumetric MR images.

Index Terms—Active contour, adaptive focus model, attribute
vectors, brain image segmentation, deformable model, deformable
registration, snake, statistical shape model.

I. INTRODUCTION

DEFORMABLE contour and surface models [1], [2] have
been extensively used as segmentation tools in medical

or biological imaging applications, where the objects (or struc-
tures) to be analyzed undergo deformations [24]. An excellent
review of deformable models can be found in [3].

Most boundary-based deformable models adapt to nearby
edges under forces emanating from the immediate neigh-
bors and from image gradients. This can cause unrealistic
deformations as individual points are pulled toward noisy
or fragmented edges. Moreover, it will make these models
very sensitive to initialization. Most importantly, deforming
the model toward a nearby boundary provides a means for
segmenting and labeling structures, but not necessarily for es-
tablishing point-correspondences among different individuals.
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To remedy the aforementioned undesired situations, shape
preserving deformable models [30]–[32] have been proposed.
In an alternative formulation, the deformation of a model is
restricted by prior knowledge in the form of normal statistical
variation [4], [5]. Chen and Kanade [27] used the statistics of
anatomical variations as prior knowledge to guide the process
of registering the statistical atlas with a particular subject.
Cooteset al. [6], [7] have developed a technique for building
compact models of the shape and appearance of variable struc-
tures in two–dimensional (2-D) images, based on the statistics
of labeled images containing examples of the objects. Each
model consists of a flexible shape template describing how the
relative locations of important points on the shapes can vary,
and a statistical model of the expected gray-levels in a region
around each point. An extended version of this technique was
presented in [28]. Following the seminal work of Cooteset al.,
a flexible parametric surface model [8], [9] was proposed based
on a hierarchical parametric object description rather than a
point distribution model. This model has been used to segment
2-D and three-dimensional (3-D) structures from tomographic
brain images. Finally, some researchers consider capturing
statistical information from the covariance matrix that has been
preprocessed by prior smoothness constraints [10].

The aforementioned statistical models can also be im-
plemented hierarchically, since hierarchical implementation
usually increases the likelihood of finding the globally optimal
match by performing the calculations of finer details of the de-
formation after matching on a more global scale. A hierarchical
statistical modeling framework, which combines the advantage
of a compact description of global deformations along with
the accurate description of local deformations, has also been
developed for representation, segmentation, and tracking of
2-D deformable structures in image sequences [11]. A review
of the hierarchical strategies can be found in [12].

In this paper we present a deformable model for segmentation
and definition of point correspondences in brain images, which
incorporates geometric as well as statistical information about
the shapes of interest, in a hierarchical fashion. Our deformable
model is comprised of several interconnected surfaces, each cor-
responding to a structure of interest. Our methodology has three
novel aspects, which are briefly described next.

First, an attribute vectoris attached to each point of the
model, and it is used to characterize the geometric structure of
the model around that point, from a local to a global scale. Our
model has the tendency to preserve its geometric shape while
deforming, based on an energy term that favors similar attribute
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Fig. 1. A model with five surfaces. (a) Cross section of the 3-D model of (b). In (a), any vertex in the dotted ellipses is connected with another vertex ofthe model.

vectors. The attribute vectors are essential in our formulation,
since they distinguish different parts of a boundary according
to their shape properties. If rich enough, attribute vectors can
uniquely characterize their respective boundary segments.

The second contribution of our model is in its adaptive for-
mulation. In particular, the deformable model can shift focus
from one structure to another, or potentially from one part of a
structure to another. For example, the model can initially focus
on the most reliable parts of the shape and subsequently shift
focus to other parts as they become closer to their respective
targets and, therefore, more reliable. The model adaptivity is
accomplished both via its hierarchical deformation strategy and
via anadaptive focusstatistical shape model. The latter is in
contrast to previous statistical shape models [6], in which all
landmarks in the training samples have the same level of im-
portance. In those models, larger features of a shape dominate
over relatively smaller, yet important features, merely because
their large sizes and, therefore, influence the measures of shape
variability disproportionately. Furthermore, unreliable features,
if they are large, will dominate over relatively smaller reliable
and important features. The proposed adaptive focus statistical
model accounts for size differences between different structures
when determining the parameters of shape variation. Moreover,
it allows the algorithm to selectively focus on certain structures,
by biasing the statistics of the model by the statistics of the struc-
tures of interest.

Finally, our third contribution is in the training of the statis-
tical shape model. In particular, we build our surface models in
a way that point correspondences are determined by the algo-
rithm for the training samples, based on hand-segmented im-
ages. Establishing point correspondences for the training sam-
ples is readily done in two dimensions, but it is very difficult in
three dimensions. Consequently, previous work in three dimen-
sions has relied largely on parametric representations that are
not necessarily based on underlying point correspondences [5],
[8], [9].

The paper is organized as follows. Section II describes an
adaptive-focus deformable model (AFDM) for the case that no
training set is available. In Section III, AFDM is extended to be
adaptive focus deformable statistical shape model (AFDSM),

by incorporating information about the statistical variation of
the model, obtained from a training set. Experiments on testing
the performances of both AFDM and AFDSM are demonstrated
in Section IV. Finally, conclusion and future work are presented
in Section V.

II. A DAPTIVE-FOCUSDEFORMABLE MODEL

In our approach, we first construct a model that represents the
typical anatomy of a number of structures (e.g., Fig. 1). Since
several structures can be included in the model, we incorporate
several interconnected surfaces, as in Fig. 1. In Section II-A,
we describe the details pertaining to the surface construction
and interconnection. In Section II-B, we describe an attribute
vector associated with each vertex of these surfaces, which re-
flects the geometric structure of each surface from a global to
a local level. In Sections II-C and II-D, we describe the mech-
anism that deforms the model to an individual magnetic reso-
nance (MR) volumetric image, and the corresponding energy
function being minimized. In Section II-E, we present a hierar-
chical and adaptive- focus strategy for the model deformation.
Finally, in Section II-F, we use a learning algorithm to extract
adaptive-focus knowledge from the training samples.

A. Model Description

The generalized model used in this paper consists of several
separate surfaces that can be open or closed. Each surface is
represented by its own set of vertices and triangles. In the fol-
lowing, we will give definitions for vertices and their neighbor-
hood layers on each surface, and as well as on the interconnec-
tions of the surfaces of the model.

Let us assume that there are separate surfaces
in the model, and that theth surface

has vertices. Let be the th vertex on the th surface,
where and . In the 3-D space, the
coordinates of vertex can be denoted as .

For each vertex in the model, the firstneighborhood
layer includes its immediate neighbors. The second neigh-
borhood layer includes the immediate neighbors of the
immediate neighbors, and so forth. The neighborhood layers
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Fig. 2. The attribute vector in two dimensions and three dimensions. (a) The area of a triangle formed by three pointsP , P , andP , is used as thevsth
element of the attribute vector. (b) Attribute vector for the 3-D vertexV . The volume of a tetrahedron, formed by four verticesV , nbr (V ), nbr (V ),
andnbr (V ), is used as thelth element of the attribute vectorf (V ). Here,m andm are selected asm = [(S (V ))=3] andm = [(S (V ))=3)�2].

are constructed so that no vertex is repeated twice in the
neighborhood of another vertex. For example, vertex is
assumed to have neighborhood layers, and itsth
neighborhood layer contains vertices. The
neighborhood layer is in the range . Let

denote the th vertex in the th neighborhood
layer, then the th neighborhood layer can be represented by

.
In certain applications, some surfaces in the model are

in proximity to each other. Therefore, we impose additional
constraints that prevent these surfaces from intersecting during
the deformation procedure. In particular, if the 3-D Euclidean
distance between vertices belonging to two different surfaces
is below a threshold, the vertices are connected as first-layer
neighbors. For example, in Fig. 1 the caudate nucleus is very
close to, or in contact with, the ventricular surface. Then, for
each vertex of the boundary of the caudate nucleus that is in
contact with the ventricular surface, an additional neighbor is
selected as its closest vertex in the ventricular surface. Fig. 1(a)
shows a slice of the 3-D model given in Fig. 1(b). If two
vertices belonging to the same surface are close enough, based
on their 3-D Euclidean distance, they are also joined with each
other. This helps prevent self-intersections of the surfaces of
the model.

B. Affine-Invariant Attribute Vector

1) The Attribute Vector in Two Dimensions:As we men-
tioned earlier, an attribute vector is attached to each vertex of
the model, which reflects the model’s geometric structure from
a local to a global level. For clarity, we first describe the attribute
vector in two dimensions. The attribute vector is, in some ways,
an extension to curvature, which has been widely used in the
recognition of objects from the digital images. As a local char-
acteristic able to carry information at multiple resolutions, cur-
vature has been applied in shape matching [13], shape analysis
[14], and object recognition [15]. Curvature is invariant under
rotation and translation of the shape, and can easily be normal-
ized with respect to scale changes. However, curvature is not
invariant under affine transformation [26].

In order to describe shape characteristics of various scales, an
affine-invariant vector of geometric attributes was used in [17],
[21]. Each attribute is the area of a triangle formed by a point,,
of the model and its two neighboring points, and ,
which correspond to the th neighborhood layer [see Fig. 2(a)].
Two–dimensional attribute vectors have been successfully ap-
plied to a number of problems, such as shape matching and
indexing [18], model-based adaptive image segmentation [17],
skewed symmetries detection [19], and affine-invariant detec-
tion of perceptually parallel curves [20]. In the following, we
will extend the definition of the 2-D affine-invariant attribute
to the 3-D. The volume of a tetrahedron will be used as an
affine-invariant attribute in the 3-D case.

2) The Attribute Vector in Three Dimensions:In three di-
mensions, each attribute is the volume of a tetrahedron [see
Fig. 2(b)]. The volume of the tetrahedron, formed by the nearest
neighbors of vertex reflects the local structure of the surface
around vertex . The volumes of larger tetrahedrons represent
more global properties of the surface around vertex. It is
not hard to see that the attribute vector corresponding to, say,
a high-curvature region is completely different from attribute
vectors of flat segments of the surface. More importantly, even
vertices of similar curvatures might have very different attribute
vectors, depending on the number of neighborhood layers, or
equivalently the number of components of the attribute vector.
We note that additional attributes, such as depth or tissue mem-
bership functions, can also be incorporated into the attribute
vector, depending on the application.

Any four points in the 3-D space can establish a tetrahe-
dron. Let us generally denote these four points by

, where . The volume of the
tetrahedron formed by four points is given
by the determinant of a 4 4 matrix

If these four points are linearly transformed by a 44 ma-
trix , then the volume of the new tetrahedron is equal to

. The value of volume is relatively
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invariant to the linear transformation and can be made abso-
lutely invariant after an appropriate normalization [17].

The definition of the volume of a tetrahedron can be used to
design an attribute vector for each vertex on the model surface.
For a particular vertex , we can select any three points from
the th neighborhood layer [see Fig. 2(b)]. The volume of the
tetrahedron formed by these four vertices is defined by .
We compile the volumes calculated for different neighborhood
layers into an attribute vector for vertex

where is the number of neighborhood layers around
vertex . When is small, the value of the attribute element

reflects local shape information of vertex . As
increases, the value of the attribute element begins to
capture more global shape information of vertex. Therefore,
the attribute vector captures different levels of shape
information around vertex .

The definition of the attribute vector can be made affine-in-
variant, by normalizing it on the whole model, i.e.,

where . Unlike
curvature, the normalized attribute vectors are affine-invariant.

C. Energy Definition

The goal of our deformable model is to define point corre-
spondences, in addition to segmenting structures of interest. Our
premise is that the attribute vector, if rich enough, uniquely char-
acterizes different parts of a boundary of a structure. Therefore,
in the definition of the energy function to be minimized, we in-
clude a term that reflects the difference between the attribute
vectors of the model and individual surface. An obvious diffi-
culty in this approach is that the attribute vector of an individual
surface cannot be obtained directly from the corresponding MR
images, since it is based on a triangularized surface. We over-
come this difficulty by deforming our model via a sequence
of global and local transformations. Since the attribute vectors
are invariant to linear transformation, they remain relatively un-
changed in this deformation process. Hence, the model tends to
gradually adapt to an individual boundary, yet it does so in a
way that its attribute vectors remain relatively unchanged. Ef-
fectively, this defines a segmentation, but also a set of point cor-
respondences based on a similarity between attribute vectors.
Our deformation strategy is very robust to local minima, since
it deforms surface segments at a time, and not individual ver-
tices.

The energy that our deformable model minimizes is defined
as follows:

(1)

The weighting parameter determines the relative weight
given to the local energy term . The local energy term ,
defined for the th vertex on theth surface ( ), is composed
of two terms: and . The term defines the
degree of difference between the model and its deformed config-
uration, around vertex . The term defines the external
energy, aiming at deforming the segment around the vertex
toward a boundary of the image.

As we elaborated earlier in this section, the term re-
flects the difference between the attribute vectors of the model
and its deformed configuration at , and it is given by

(2a)

where and are, respectively, the compo-
nents of the (normalized) attribute vectors of the deformed
model configuration and the model at vertex. The parameter

denotes the degree of importance of theth attribute element
(or the th neighborhood layer) in the surface seg-

ment under consideration. Notice that is the number
of geometric attributes, and is equal to the number of the
neighborhood layers around vertex.

The data energy term, , is usually designed to move the
deformable model toward an object boundary. Accordingly, for
every vertex , we require that in the position of , the mag-
nitude of image gradient should be high, and the direction of
image gradient should be similar to the normal vector of the
deformed surface. Since our deformation mechanism, which is
defined in Section II-D, deforms a surface segment around each
vertex at a time, and not just the vertex itself, we want to
design an energy term that reflects the fit of the whole segment,
rather than a single vertex, with image edges. A surface segment
is defined by vertex and its neighbors from neigh-
borhood layers, where can vary throughout the deforma-
tion procedure, as detailed in Section II-E. Theth neighborhood
layer has vertices,

, where denotes the th vertex in the th
neighborhood layer. The data energy term is designed as
follows.

(2b)

where , valued between zero and one, is the
normalized magnitude of the gradient at vertex ;

is the direction of the gradient;
is the normal vector of the deformed model for vertex

, directed toward the model’s interior. The param-
eter denotes the weight of theth neighborhood layer.

The whole energy function of the snake is then given by (1),
(2a) and (2b).
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Fig. 3. Demonstration of the deformation mechanism used in AFDM. A ventricular model is shown as gray surface on the left. Tentative deformations of a surface
segment aroundV are shown in the rest of the image, with the original model shown as gray and the deformed model shown as white surface.

D. Local Deformation Mechanism

We now describe a greedy deformation algorithm for the min-
imization of the energy function in (1). For the standard snake,
the greedy algorithm moves the vertex to the position in its
neighboring region that makes the snake energy minimal. For
our method, we suggest considering the deformation of a sur-
face segment as whole, which greatly helps the snake avoid local
minima.

At each iteration, a surface segment around a vertex can be
deformed by an affine transformation. Recall that, under affine
transformations the value of the energy term remains
relatively unchanged. Accordingly, the new configuration of a
particular surface segment can be determined directly by min-
imizing an energy term [see (2b)]. In the 2-D case, the
transformation matrix can be easily calculated from the motion
of the studied point [21]. However, in three dimensions, this cal-
culation becomes much more complicated, as described next.

Since we deform only one piece of the model surface at a
time, we can introduce discontinuities at the boundary of the
segment being deformed. In our 2-D model [21], we solved
this issue by restricting the local affine transformation so that
it leaves the end-points of a deforming segment unchanged,
thereby maintaining continuity of the deformable contour. How-
ever, for a surface model this is not possible, because the ver-
tices belonging to the th neighborhood layer, which is the
layer farthest away from , do not necessarily lie on the same
plane. Therefore, we cannot necessarily find a local affine trans-
formation that preserves the position of the end-vertices of a de-
forming segment. In order to remedy this situation, we used a
different form of transformation for each deforming surface seg-
ment, which is described next.

Let be the vertex whose neighborhoods form the surface
segment to be deformed at a particular iteration (see Fig. 3). The

th neighborhood layer forms the boundary of the surface
segment. Consider a tentative position, , to which
is to move during the greedy algorithm. Then, the new position
of each vertex, , in the segment is defined as

where is a parameter determining the locality of the transfor-
mation. We use values of that make
close to zero, effectively leaving the bounding curve of a de-
forming segment unchanged and, hence, maintaining continuity.

The new configuration of the surface segment is then deter-
mined by finding that minimize the sum of two energy
terms and .

Fig. 3 demonstrates some tentative positions of vertex
and the corresponding deformations of the surface segment. The
gray surface in Fig. 3 (left), is a ventricular model. The rest of
the images in Fig. 3 show tentative deformations of the ventric-
ular model (white surfaces) overlaid on the undeformed model
(gray surface).

E. Adaptive-Focus Deformation Strategy

Brain images contain several boundaries. Prior knowledge,
in conjunction with the quality of image information (e.g.,
edge strength), is used in AFDM to guide the deformation of
the model in a hierarchical fashion. In particular, surfaces for
which we have relatively higher confidence are deformed first.
As other surfaces follow this deformation and get closer to
their respective targets, they become more reliable features for
driving the model’s deformation. We demonstrate this scheme
using the example of the caudate nucleus (CN), the lenticular
nucleus (LN) and the ventricular boundaries. In Fig. 4 we
show cross sections of the initial (automatic) placement of a
model containing these five surfaces, and the deformation of
that model after ten iterations. The one in Fig. 4(b) is the result
of AFDM, with the ventricular boundaries deforming first,
and the CN and LN boundaries following. In fact, there was a
continuous blending in the deformation of the CN and LN as
iteration number increased. The result of Fig. 4(c) was obtained
via the same model but with a nonadaptive deformation mech-
anism, i.e., with forces applied to all components of the model
simultaneously. In the adaptive focus scheme, the ventricles
first pulled the LN close enough to its corresponding boundary
in the MR image, before the LN model started deforming. In
the nonadaptive scheme, however, the LN deformed toward the
wrong (the cortical) boundary.

In addition to its cross-component hierarchical formulation,
our approach is also hierarchical within-components of the
model. In particular, the parameter that determines
the locality of the deformation transformation is typically
chosen large in the initial iterations, and is gradually reduced to
one. Therefore, initially, relatively more vertices are involved
in the surface segment around vertex, and the resulting
transformation is of relatively global form. In later stages, the
transformation affects the deformable model more locally.
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Fig. 4. Demonstration of the adaptive-focus deformation strategy. Cross sections of a 3-D model are shown overlaid on the MR images. (a) The model is
automatically initialized, based on the center of mass of the brain. (b) An intermediate stage using the adaptive-focus strategy, in which the ventricles at first had
a much stronger influence on the model’s deformation, while the other structures followed the ventricular deformation. (c) An intermediate state obtained via the
nonadaptive strategy, with all structures deforming simultaneously (nonadaptive scheme). In (b), the LN followed the contraction of ventricular component of the
model, thereby avoiding the adjacent cortical edges. In (c), the LN has been trapped by the cortical edges.

Fig. 5. Level of confidence obtained from one sample. (a) Cross- section of a brain image. (b) Its edge map. (c) The confidence level, where white denotes the
highest confidence, black denotes the lowest confidence, and uniform gray denotes background.

F. Learning Adaptive-Focus Knowledge

The design of adaptive-focus strategy depends on our knowl-
edge (or the level of our confidence) on each component of the
object of interest. In this section, a learning algorithm is chosen
to extract adaptive-focus knowledge from a set of aligned sam-
ples. Usually, we have higher confidence level for the model
vertices that are located on the strong and isolated edges. Par-
ticularly, for a certain model vertex, the level of our confidence
can be defined as the difference between its edge strength and
the mean edge strength in its neighborhood. We detail it in the
following.

In Section II-C, we use as the magnitude of the
gradient at vertex . Here, we also use as the edge
strength at vertex . In the neighborhood of vertex , i.e., 11

11 11, we can calculate the mean edge strength, which is
denoted as . The difference between and

is defined as the level of our confidence on vertex
, . The confidence level

could be negative. It represents the case of a weaker
edge at vertex and lots of stronger confusing edges in the
neighborhood. By finding the minimal and the maximal confi-

dence levels from all model vertices, we can normalize all con-
fidence levels to a domain of .

We applied the above algorithm to the model with the bound-
aries of the ventricles, CN and LN. In the following, we give
two examples where the confidence levels on the model vertices
are calculated from one sample (Fig. 5) and 16 aligned sam-
ples (Fig. 6), respectively. For visualization purposes, the level
of confidence is represented by the intensities of the model ver-
tices, where white corresponds to confidence level 1.0 and black
corresponds to confidence level 0. In Fig. 5, we provide a cross
section of a brain image [Fig. 5(a)], its edge map [Fig. 5(b)],
and its confidence level map [Fig. 5(c)]. For clearness, the back-
ground in Fig. 5(c) has been set to gray, level 0.5. It is shown
that the ventricular corners have relatively higher confidence
levels, while partial CN and most LN have very lower confi-
dence levels. Fig. 6 gives the confidence levels calculated from
the 16 aligned samples.

III. A DAPTIVE-FOCUSDEFORMABLE STATISTICAL SHAPE

MODEL

In this section, we extend AFDM to incorporate information
about the statistical variation of the model, in a form analogous
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Fig. 6. The levels of confidence, obtained from the 16 aligned samples and displayed as intensities of the model vertices. White denotes confidence level 1.0
while black represents confidence level zero. The model is displayed at three different views, top, down, and side.

to the work in [6], [8]–[10]. That is, the output of AFDM
at each iteration is constrained by the currently focused sta-
tistical information. In the following, we first describe how
we construct models of the training samples using AFDM,
while simultaneously establishing point-correspondences, via
the attribute vector similarity criteria embedded in AFDM.
We then extend the statistical shape modeling paradigm of
[6], [8]–[10] to the adaptive focus framework of AFDM. The
resulting model is called adaptive focus deformable statistical
shape model (AFDSM).

A. Training Set Construction

Statistical shape models have gained popularity in the med-
ical image analysis community after they were first introduced
in [6], because they elegantly incorporate prior knowledge about
the expected shape and variation of a structure of interest. One
of the difficulties, however, associated with these models is their
training, which depends on defining point correspondences in a
training sample. This task is fairly straightforward in two dimen-
sions, although efforts to automate landmark definition have
also been made [16]. However, definition of point correspon-
dences in three dimensions is a very difficult task. To overcome
this difficulty, some investigators have assumed that approx-
imate correspondences can be defined by placing parametric
grids on the structure of interest [8], [22]. Although this is a
convenient way to define correspondences and train a statistical
shape model, it is based on only a rough approximation of point
correspondences.

In our work we train the deformable model on samples whose
point correspondences are defined via AFDM. In particular, im-
ages of each training sample are first hand-segmented on a sec-
tion-by-section basis to the structures of interest (ventricles, LN,
and CN in this paper). After hand-segmentation, each inter-
esting class has its own intensity. AFDM is then applied to
the hand-labeled images, resulting in a surface representation

of each boundary. Notably, since AFDM is based on a simi-
larity between attribute vectors, it determines point-correspon-
dences while deforming, and does not merely rely on approx-
imate point correspondences defined via parametric grids. We
found that AFDM worked very well on these hand-labeled im-
ages. In very few cases we had to manually help the algorithm by
“pulling” the surface to the boundary. The resulting point-cor-
respondences were used to calculate the covariance matrix and,
hence, build the principal components of shape variation, as in
[6], [9].

Figs. 10 and 11 show the deformation of the model (initially
obtained from a single subject) to a hand-labeled training
sample. Cross sections of the deformed model are shown in
black and are overlaid on (gray) sections of the target boundary.
Three stages of the process are shown: the initialization,
an intermediate result obtained after the model has focused
primarily on the ventricles, and the final result.

B. Adaptive-Focus Statistical Information

In previous statistical shape models [6], [8]–[10], all land-
marks in the training samples was given equal weights when
calculating shape statistical parameters. However, in this equal
weighting scheme, larger features of a shape dominate over rela-
tively smaller, yet important features, merely because their large
size influences the measures of shape variability. Furthermore,
relatively unreliable features, if they are large, will dominate
over relatively more reliable and important features. To over-
come this limitation, in our calculation of the statistical param-
eters, we weight different vertices of the model differently, with
vertices belonging to relatively smaller structures assigned rel-
atively higher weights and vice versa. In order to better ex-
plain the importance of variable weighting, we will use the ex-
ample of a model containing a large structure (ventricles) and
a smaller structure (LN). Due to their large size, the ventri-
cles dominantly affect the statistical shape parameters, in that
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Fig. 7. An example of ventricular segmentation using AFDM. (a) Model (gray) and (b) Segmented ventricles (white). (c) Overlay of segmented ventricles and
initial model, showing the deformation imposed by AFDM. (d1–d4) Cross sections of initial (gray) and final (white) model configuration. Initialization of the
model was performed automatically.

the dominant eigenvectors primarily reflect the variability of
the ventricles. Accordingly, a deformation of the ventricles by
image-derived forces induces very little deformation on the LN.
This is problematic, since the LN should follow the deformation
of the ventricles. Moreover, depending on the number of eigen-
vectors used, fine details of the LN can be lost.

Our statistical model is analogous to the one in [6] and
[8]–[10]. However, the variable weighting of the components
of the model effectively zooms each component to the same
overall size in the space in which the statistics are calculated,
so that each component is represented in the most important
eigenvectors of the corresponding covariance matrix. Each
component is then scaled back appropriately to its actual size.
Fig. 12 provides some examples of training samples after they
have been linearly transformed to a template. More details of
the algebraic manipulations involved in these transformations
can be found in [21]. In addition to accounting for size dif-
ferences in substructures of an active shape model, AFDSM
allows for emphasis to be placed on structures or features that
are relatively more reliable (see Figs. 4–6 and Section II-E.

IV. EXPERIMENTS

In the experiments of this section we test the performances of
AFDM and AFDSM, first when the model consists of a single
surface (the ventricular boundary) and then when multiple sur-
faces are included. Furthermore, we also test the robustness
to noise. For the all experiments, the surface segment lengths

are initially set to 30, set to one and set to their
own levels of confidence. The computation time depends on the

complexity of the studied subject. It is about 30 min in an SGI
OCTANE workstation.

A. Segmentation of Ventricular Boundaries by a
Single-Component Model

A ventricular model is shown in Fig. 7(a). This model uses
2646 vertices and 5269 triangles; the initial model was con-
structed from a single individual using the Matlab isosurface
routine. We tested this model on 32 typical brain images, and
were able to accurately reconstruct the ventricular surface in 31
out of 32 cases by AFDM. Fig. 7 shows one of the correct re-
sults. In Fig. 7(a) and (b), initial model and segmentation re-
sult are shown as grey and white surfaces, respectively. They are
overlaid in Fig. 7(c). Fig. 7 (d1–d4) shows four different cross
sections of the same result, with the initial models (grey con-
tours) and final segmentations (white contours). The final seg-
mentation result accurately fits the expected ventricular bound-
aries.

To show the importance of using statistical information in the
deformable models, we present one case for which AFDM failed
(see Fig. 8). The reasons for which AFDM failed in this case is
that the local search applied in AFDM, in conjunction with a
rather poor initialization and the notable difference between the
model and the target, prevented the model from reaching far out
to the boundary, especially in the posterior horns of the ventri-
cles. In Fig. 9 we demonstrate a good result on the same case,
using AFDSM. The robustness provided by the statistical infor-
mation allows the algorithm to increase its searching window
and avoid local minima, yielding a result far better than AFDM
or the statistical model alone.
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Fig. 8. A bad result obtained with AFDM.

Fig. 9. Result obtained from the example of Fig. 8, using AFDSM. Gray is the (automatic) initialization and white is the result.

B. Segmenting Multiple Structures of the Human Brain with a
Multicomponent Model

Fig. 1(b) shows a five-component model containing the
boundaries of the ventricles and the left and right CN and LN.
The total number of vertices in this model is 3966. The surfaces
of the ventricles, CN and LN have 2399, 760, and 807 vertices,

respectively. The total number of triangles in the whole model
is 7912. Using the technique in Section II-A, connections
among proximal vertices of different components were formed,
as in Fig. 1(a).

As we described in Section III-A, AFDM was applied on
hand-labeled images in order to construct the training set. An
example of this procedure is shown in Figs. 10 and 11, where
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Fig. 10. Deformation of the model to a hand-labeled target image of a training sample, for determining point correspondences. (a) Binary sample data,(b1)
model, and (b2) model with the target. (c1) Intermediate result after the phase of focusing on the ventricles. (c2) Intermediate result merged with the target. (d1)
Final result. (d2) Final result merged with the target.

Fig. 11. Cross sections of the example of Fig. 10. Target outlines are shown as gray and deformed model as black. Top row shows initialization and middlerow
shows an intermediate result during the phase of focusing on the ventricles. The last row shows the final result.

the deformable model is shown as a black curve, and the out-
line of the hand-labeled image is shown in gray lines. The ini-
tial, and intermediate, and the final results are shown in the top,
middle, and bottom rows, respectively, in Fig. 11. The interme-
diate result was obtained primarily by focusing on the ventricles,
while the rest of the components of the model were deformed

via a global linear transformation following the ventricular de-
formation. Some of the resulting training samples are displayed
in Fig. 12, which are linearly transformed versions of the AFDM
results on the hand-labeled images.

One representative result obtained via AFDSM is shown in
Fig. 13, in three dimensions and as cross sections.



SHENet al.: AFDSM FOR SEGMENTATION AND SHAPE MODELING OF 3-D BRAIN STRUCTURES 267

Fig. 12. Some samples used in the multicomponent model. The training set contained initially 12 subjects, and was subsequently extended using correctly
segmented images. All samples have been normalized to the same space of the model, via a linear transformation.

In order to validate the algorithm on the ten training samples
for which we had available manual segmentations, we applied
AFDM and AFDSM on each subject’s original MR images, and
we compared the result to the manual segmentations. We calcu-
lated the average distance between the resulting surfaces and the
corresponding hand-labeled boundaries, and we found it to be
comparable to the voxel size. Table I shows the results for the
two algorithms. The results of Table I show that AFDSM usu-
ally has slightly better performance than AFDM, because of ad-
ditional the use of statistical information. But the improvement
is only marginal. In one case (sample 10), the error actually in-
creases when using statistical information, probably due to the
relatively small size of the training set.

C. Robustness of AFDSM to Noise

In order to demonstrate the effect of noise on the performance
of AFDSM, we generated a 3-D synthetic study image from a
hand-labeled image shown in Fig. 10(a). One cross section of the
synthetic study image is shown in Fig. 14(a). In order to make
this simulation realistic, within each structure we used the av-
erage image intensity calculated from the training set. Accord-
ingly, the image intensity in the ventricles was set to the average
CSF intensity, 35, while intensities in the left and right CN and
LN were set to the average gray-matter intensity, 82. Others are
set to average white-matter intensity. We added varying amounts
of zero-mean Gaussian noise to this synthetic study image, to

obtain noisy images. Fig. 14(b–f) shows five cross sections of
five noisy images that were corrupted by Gaussian noise with
standard deviation of 10, 20, 30, 40, and 50, respectively. In our
algorithm, the initialization for all these testing images are the
same as that used in Figs. 10 and 11. The average boundary error
[29], , is defined as the average distance between the ac-
tual boundaries of the study image [Fig. 14(a)] and the bound-
aries that are segmented by our algorithm. Solid lines in Fig. 15
show the variations of the average boundary error, , with
standard deviations of zero-mean Gaussian noise. Moreover, the
average correspondence error, , is defined and calculated to
evaluate the further performance of our algorithm. Here, we de-
fine as the average distance between corresponding points
obtained under noise, relative to their counterparts in the ab-
sence of noise. The dotted lines in Fig. 15 plot for different
noise levels.

The performance of our algorithm becomes worse with the
increase of noise levels. The average boundary error ranges from
0.9 to 1.1 pixels, while the average correspondence error is from
0.15 to 0.78. Overall, the proposed model is robust to noise.

V. CONCLUSION

In this paper, we have presented a deformable model
(AFDSM) for automatically segmenting objects from volu-
metric MR images, as well as for establishing point correspon-
dences, by combining geometric and statistical information.



268 IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. 20, NO. 4, APRIL 2001

Fig. 13. One example on segmenting multiple structures using AFDSM. (a) Model surface, displayed at two different views and (b) segmentation result.(c)
Overlay of the segmentation result and the model, revealing the deformation that the model underwent. (d1–d4) Initial position of the model in the four different
slice images. (e1–e4) The final segmentation results corresponding to (d1–d4).

TABLE I
QUANTITATIVE VALIDATION ON BOTH AFDM AND AFDSM ALGORITHMS BY USING TEN HAND-LABELED SAMPLES. THE ERRORSARE AVERAGE BOUNDARY

DISTANCES, AT THE UNIT OF PIXEL

The geometric information is in the form of an attribute vector
attached to each point of a deformable model, which carries

information about the geometric structure of the model from a
local to global scale. Attribute vectors help differentiate among
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Fig. 14. Images used for demonstrating the robustness of AFDSM against noise. (a) Synthetic study image. (b–f) Noisy images that are corrupted by zero-mean
Gaussian noise with standard deviation of 10, 20, 30, 40, and 50, respectively.

Fig. 15. The effect of noise on the performance of AFDSM.Eb a: average boundary error;Ec a: average correspondence error. Horizontal axis respresents the
amounts of standard deviation of zero-mean Gaussian noise. Vertical axis denotes the errors at a unit of pixel.

different points along the boundaries of anatomical structures.
The statistical information in AFDSM reflects the expected
shape variability, while accounting for size differences in the
different components constituting the model. A hierarchical
deformation mechanism was proposed, which initially focuses
on boundaries that are easier to find, and gradually shifts focus
to other structures, as those get closer to their respective targets.

A key feature of our model is that it is able to define point cor-
respondences, in addition to segmenting a structure of interest.
This is achieved via an energy term that uses similarity of the at-
tribute vectors instead of some arbitrary elastic or other internal
energy form, and is based on the fact that attribute vectors char-
acterize the local and global geometric structure of the model
around each of its points. We also demonstrated that the adap-
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tive focus deformation mechanism helps the model avoid bad
solutions, which perhaps correspond to local minima.

Our model has been applied to segmenting the boundaries of
the ventricles, the CN, and the LN from volumetric MR images.
Current work focuses on extending this model to include more
structures, particularly the hippocampus and adjacent cortical
structures.

Some extensions of our methodology are possible. In partic-
ular, instead of or in conjunction with using the Canny edges to
determine external forces, a fuzzy segmentation [23] can be first
applied. This approach will render the technique independent of
the particular image acquisition protocol.

Currently, the vertices are arranged into tetrahedra that repre-
sent the 3-D structure of objects. In this way, the spatially close
vertices are possibly distant on the surface. Medial representa-
tion [25] can fix this unexpected case. Therefore, the combina-
tion of our geometric representation with the medial represen-
tation should improve the results, since these two methods have
complementary merits and weaknesses. Finally, the creation of
our model at multiple resolutions will definitely accelerate the
speed of our algorithm.

We finally want to note that all of our experiments have been
performed on MR images of elderly individuals, which display
reduced white matter/grey matter contrast and often extreme at-
rophy, which is reflected, in part, by very large ventricles. De-
spite the difficulties imposed by the nature of the data, we have
obtained good and robust results in approximately 90 brain im-
ages.

The source code for our deformable model (AFDSM) is
freely available from http://pandora.cbmv.jhu.edu/~dgshen/
3DSnakeCode.htm.
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