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An Adaptive-Focus Statistical Shape Model for
Segmentation and Shape Modeling of 3-D Brain
Structures

Dinggang Shen*, Edward H. Herskovits, and Christos Davatzikos

Abstract—This paper presents a deformable model for auto- To remedy the aforementioned undesired situations, shape
matically segmenting brain structures from volumetric magnetic preserving deformable models [30]-[32] have been proposed.
resonance (MR) images and obtaining point correspondences, |y g ajternative formulation, the deformation of a model is

using geometric and statistical information in a hierarchical . . . .
scheme. Geometric information is embedded into the model via restricted by prior knowledge in the form of normal statistical

a set of affine-invariant attribute vectors, each of which charac- Vvariation [4], [5]. Chen and Kanade [27] used the statistics of
terizes the geometric structure around a point of the model from anatomical variations as prior knowledge to guide the process
a local to a global scale. The attribute vectors, in conjunction of registering the statistical atlas with a particular subject.
with the deformation mechanism of the model, yvarranty that_ Cooteset al. [6], [7] have developed a technique for building
the model not only deforms to nearby edges, as is customary in t dels of the sh d fvariable st
most deformable surface models, but also that it determines point compgc mo e_s 0 : € shape an appearance ot varia e_s ruc'
correspondences based on geometric similarity at different scales. tures in two—dimensional (2-D) images, based on the statistics
The proposed model is adaptive in that it initially focuses on the of labeled images containing examples of the objects. Each
most reliable structures of interest, and gradually shifts focus to - model consists of a flexible shape template describing how the
other structures as thos_e become closer to their respective targets q|ative locations of important points on the shapes can vary,
and, therefore, more reliable. The proposed techniques have been - . .
and a statistical model of the expected gray-levels in a region

used to segment boundaries of the ventricles, the caudate nucleus, . . ) )
and the lenticular nucleus from volumetric MR images. around each point. An extended version of this technique was

Index Terms—Active contour, adaptive focus model, attribute prese_nted in [28]. Followmg the seminal work of Coogesl,
vectors, brain image segmentation, deformable model, deformable @ flexible parametric surface model [8], [9] was proposed based
registration, snake, statistical shape model. 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

EFORMABLE contour and surface models [1], [2] have&tatistical information from the covariance matrix that has been
been extensively used as segmentation tools in medigaéprocessed by prior smoothness constraints [10].
or biological imaging applications, where the objects (or struc- The aforementioned statistical models can also be im-
tures) to be analyzed undergo deformations [24]. An excellgslemented hierarchically, since hierarchical implementation
review of deformable models can be found in [3]. usually increases the likelihood of finding the globally optimal

Most boundary-based deformable models adapt to nearigtch by performing the calculations of finer details of the de-
edges under forces emanating from the immediate neigBrmation after matching on a more global scale. A hierarchical
bors and from image gradients. This can cause unrealis§i@tistical modeling framework, which combines the advantage
deformations as individual points are pulled toward noisyf a compact description of global deformations along with
or fragmented edges. Moreover, it will make these modelse accurate description of local deformations, has also been
very sensitive to initialization. Most importantly, deformingdeveloped for representation, segmentation, and tracking of
the model toward a nearby boundary provides a means fpD deformable structures in image sequences [11]. A review
segmenting and labeling structures, but not necessarily for gsthe hierarchical strategies can be found in [12].
tabIIShIng pOint-CorreSpondenceS among different individuals. In this paper we present a deformable model for Segmentation

and definition of point correspondences in brain images, which
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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 anothehesrtereif

vectors. The attribute vectors are essential in our formulatidoy incorporating information about the statistical variation of

since they distinguish different parts of a boundary accordiige model, obtained from a training set. Experiments on testing

to their shape properties. If rich enough, attribute vectors ctre performances of both AFDM and AFDSM are demonstrated

uniquely characterize their respective boundary segments. in Section IV. Finally, conclusion and future work are presented
The second contribution of our model is in its adaptive fotin Section V.

mulation. In particular, the deformable model can shift focus

from one structure to another, or potentially from one part of a Il. ADAPTIVE-FOCUS DEFORMABLE MODEL

structure to another. For example, the model can initially focus

on the most reliable parts of the shape and subsequently shi

focus to other parts as they become closer to their respect%

targets and, therefore, more reliable. The model adaptivit & ) S .
9 pHvity veral interconnected surfaces, as in Fig. 1. In Section II-A,

accomplished both via its hierarchical deformation strategy a d ibe the detail taining to th f tructi
via anadaptive focusstatistical shape model. The latter is in/€ describe the details pertaining to the surface construction

contrast to previous statistical shape models [6], in which aﬁpd mterconpechon_. In Section 1I-B, we describe an attr.|bute
landmarks in the training samples have the same level of i ector associated with each vertex of these surfaces, which re-

portance. In those models, larger features of a shape domi zgts the geometric structure of each surface from a global to

over relatively smaller, yet important features, merely becaud gcal level. In Sections II-C and ”_D.’ vv_e_descnbe the_mech-
their large sizes and, therefore, influence the measures of sh gm that defarms the model to an individual magpeuc reso-
variability disproportionately. Furthermore, unreliable features, nce (MR.) VO'U_”?eF”C 'mage, and the corresponding energy
if they are large, will dominate over relatively smaller reliabl “‘?Ct'on being m|_n|m|zed. In Section II-E, we present a hler_ar-
and important features. The proposed adaptive focus statisti g'lcal a_nd adaptwe- focus strategy for_ the mod_el deformation.
model accounts for size differences between different structufe ally, in Section II-F, we use a Iearm_ng algorithm to extract
when determining the parameters of shape variation. Moreov® ’apt|ve-focus knowledge from the training samples.

it allows the algorithm to selectively focus on certain structures, o

by biasing the statistics of the model by the statistics of the strdé- Model Description

tures of interest. The generalized model used in this paper consists of several

Finally, our third contribution is in the training of the statisseparate surfaces that can be open or closed. Each surface is
tical shape model. In particular, we build our surface models iapresented by its own set of vertices and triangles. In the fol-
a way that point correspondences are determined by the allgoving, we will give definitions for vertices and their neighbor-
rithm for the training samples, based on hand-segmented ihwod layers on each surface, and as well as on the interconnec-
ages. Establishing point correspondences for the training sdions of the surfaces of the model.
ples is readily done in two dimensions, but it is very difficultin Let us assume that there aré/ separate surfaces
three dimensions. Consequently, previous work in three dimén?, ..., V* in the model, and that theéth surface V*
sions has relied largely on parametric representations that has N, vertices. Leth be thejth vertex on theith surface,
not necessarily based on underlying point correspondences f@erel < ¢ < M and0 < j < (N; — 1). In the 3-D space, the
[8], [9]. coordinates of verteX can be denoted a8 = [z y; #]”.

The paper is organized as follows. Section Il describes anFor each vertexv; in the model, the firsmeighborhood
adaptive-focus deformable model (AFDM) for the case that dayer includes its immediate neighbors. The second neigh-
training set is available. In Section 1ll, AFDM is extended to bborhood layer includes the immediate neighbors of the
adaptive focus deformable statistical shape model (AFDSMinmediate neighbors, and so forth. The neighborhood layers

our approach, we first construct a model that represents the
Bical anatomy of a number of structures (e.g., Fig. 1). Since
veral structures can be included in the model, we incorporate
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Fig. 2. The attribute vector in two dimensions and three dimensions. (a) The area of a triangle formed by thré& poinfs;, andP; , .5, is used as thesth
element of the attribute vector. (b) Attribute vector for the 3-D veltgx The volume of a tetrahedron, formed by four vertiégs nbr, o(V}), nbri ., (V}),
andnbr, .., (V;),is used as thith element of the attribute vectgy(V). Here,m, andm; are selected as, = [(S:(V}))/3] andmz = [(S«(V}))/3) x 2].

are constructed so that no vertex is repeated twice in theln order to describe shape characteristics of various scales, an
neighborhood of another vertex. For example, veft@ixis affine-invariant vector of geometric attributes was used in [17],
assumed to haver(V}) n‘eighborhood Iayers, and itkh [21]. Each attribute is the area of a triangle formed by a pdint,
neighborhood layenbr,(V}) containsS;(V}) vertices. The of the model and its two neighboring poinfs, .., and P, .,
neighborhood layet is in the rangel < I < R(V}). Let whichcorrespond to thesth neighborhood layer [see Fig. 2(a)].
nb7>l7m(1/j) denote themth vertex in thelth neighborhood Two—dimensional attribute vectors have been successfully ap-
layer, then thedth neighborhood layer can be represented Iplied to a number of problems, such as shape matching and
nbn(Vj) = {anz,m(Vf)IO <m < Sl(Vji)}, indexing [18], model-based adaptive image segmentation [17],
In certain applications, some surfaces in the model askewed symmetries detection [19], and affine-invariant detec-
in proximity to each other. Therefore, we impose additiondion of perceptually parallel curves [20]. In the following, we
constraints that prevent these surfaces from intersecting durimdj extend the definition of the 2-D affine-invariant attribute
the deformation procedure. In particular, if the 3-D Euclideati® the 3-D. The volume of a tetrahedron will be used as an
distance between vertices belonging to two different surfacaine-invariant attribute in the 3-D case.
is below a threshold, the vertices are connected as first-laye2) The Attribute Vector in Three Dimensioni three di-
neighbors. For example, in Fig. 1 the caudate nucleus is vengnsions, each attribute is the volume of a tetrahedron [see
close to, or in contact with, the ventricular surface. Then, férig. 2(b)]. The volume of the tetrahedron, formed by the nearest
each vertex of the boundary of the caudate nucleus that isnieighbors of verteX’ reflects the local structure of the surface
contact with the ventricular surface, an additional neighbor &ound verteﬂ/j. The volumes of larger tetrahedrons represent
selected as its closest vertex in the ventricular surface. Fig. 1fajre global properties of the surface around vemgx It is
shows a slice of the 3-D model given in Fig. 1(b). If twanot hard to see that the attribute vector corresponding to, say,
vertices belonging to the same surface are close enough, basdugh-curvature region is completely different from attribute
on their 3-D Euclidean distance, they are also joined with eaghctors of flat segments of the surface. More importantly, even
other. This helps prevent self-intersections of the surfacesw&frtices of similar curvatures might have very different attribute
the model. vectors, depending on the number of neighborhood layers, or
equivalently the number of components of the attribute vector.
. ) i We note that additional attributes, such as depth or tissue mem-
B. Affine-Invariant Attribute Vector bership functions, can also be incorporated into the attribute

1) The Attribute Vector in Two Dimension#s we men- vector, depending on the application.

. . : . ny four points in the 3-D space can establish a tetrahe-
tioned earlier, an attribute vector is attached to each vertex . :
. , : ron. Let us generally denote these four points{by,| j =
the model, which reflects the model’s geometric structure fro T
1, 2, 3}, whereW; = [z; y; z; ]|'. The volume of the

alocalto a global level. For clarity, we first describe the attribu&%?trahedronformed by four poinfs¥,| j = 0, 1, 2, 3} is given
J — Y bl bl

vector in two dimensions. The attribute vector is, in some ways, . .
: : : : P% the determinant of a 4 4 matrix
an extension to curvature, which has been widely used in t

recognition of objects from the digital images. As a local char- To T1 T2 T3
acteristic able to carry information at multiple resolutions, cur- Volume(Wy, Wy, Wa, W) = Yo Y1 Y2 Y3
vature has been applied in shape matching [13], shape analysis Zo oz z2 3
[14], and object recognition [15]. Curvature is invariant under 1 1 1 1

rotation and translation of the shape, and can easily be norniélthese four points are linearly transformed by a<44 ma-
ized with respect to scale changes. However, curvature is tiix A, then the volume of the new tetrahedron is equdlto
invariant under affine transformation [26]. Volume(Wy, W1, Wy, Ws). The value of volume is relatively
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invariant to the linear transformation and can be made absdie weighting parametes; ; determines the relative weight
lutely invariant after an appropriate normalization [17]. given to the local energy ter; ;. The local energy term; ;,

The definition of the volume of a tetrahedron can be used tiefined for thejth vertex on theth surface (/j) is composed
design an attribute vector for each vertex on the model surfacétwo terms:E;*¢4! and £;1%=. The termg;*54<! defines the
For a particular verteX’/, we can select any three points frondegree of difference between the model and its deformed config-
the ith neighborhood layer [see Fig. 2(b)]. The volume of theration, around verteir(j. The termE;fa}ta defines the external
tetrahedron formed by these four vertices is defined0y/).  energy, aiming at deforming the segment around the vé/f}’ex
We compile the volumes calculated for different neighborhoadward a boundary of the image.
layers into an attribute vector for verté/if As we elaborated earlier in this section, the te’ﬂjﬁ]‘?“el re-

‘ ‘ ‘ ‘ flects the difference between the attribute vectors of the model
F(Vi)y =AWV f0V)) ... fR(ij-)(Vj)J and its deformed configuration &, and it is given by

where R(V}) is the number of neighborhood layers around R(V)) R o 2
vertex V. When is small, the value of the attribute element Eprodel = Z 61 (leef(Vf) - le\qdl(Vf)) (2a)
fi(V}) reflects local shape information of vertéx’. As ! =1

increases, the value of the attribute elemgiit’/) begins to where ﬁDef(Vji) and f}\'ml(%i) are, respectively, the compo-

capture more global shape information of vertgx Therefore, nents of the (normalized) attribute vectors of the deformed

_the attnl_aute vector’(Vy') captures different levels of Shaloemodel configuration and the model at vertéx The parameter
information around verteX’;.

The definit f the attibut N b de affine-i oy denotes the degree of importance of itreattribute element
‘e definition oT the attribute vector can be made affine-in Dt(V1) (or thelth neighborhood layer) in the surface seg-
variant, by normalizing it on the whole model, i.e., J

ment under consideration. Notice thH(Vj) is the number
F(Vj’) of geometric attributes, and is equal to the number of the

F(Vj) = — neighborhood layers around verté?%.
M N BV 4 The data energy ternk¢***, is usually designed to move the
Z Z Z |fl(Vj7') deformable model toward an object boundary. Accordingly, for
o o EtiEL =L . ‘ every vertexV//, we require that in the position éf/, the mag-
wheret'(Vi) = [A(Vy) f2(Vi) .. Srevi(Vi)]. Unlike  nitude of image gradient should be high, and the direction of

curvature, the normalized attribute vectors are affine-invariarimage gradient should be similar to the normal vector of the
deformed surface. Since our deformation mechanism, which is
C. Energy Definition defined in Section I11-D, deforms a surface segment around each

The goal of our deformable model is to define point corré/€rtexVy at a time, and not just the vertex itself, we want to
spondences, in addition to segmenting structures of interest. @§#ign an energy term that reflects the fit of the whole segment,
premise is that the attribute vector, if rich enough, uniquely chdAther than a single vertex, with image edges. A surface segment
acterizes different parts of a boundary of a structure. Therefol@ defined by verteX’; and its neighbors fron#(V7;) neigh-
in the definition of the energy function to be minimized, we inPorhood layers, wherB (V) can vary throughout the deforma-
clude a term that reflects the difference between the attribijt@n procedure, as detailed in Section II-E. Ttreneighborhood
vectors of the model and individual surface. An obvious difflayer hass; (V) verticesnbr(V}) = {nbr; m(V;)|0 < m <
culty in this approach is that the attribute vector of an individuai:(V; )}, wherenbr, (V) denotes thenth vertex in thelth
surface cannot be obtained directly from the corresponding MiRighborhood layer. The data energy tefiii* is designed as
images, since it is based on a triangularized surface. We owviéflows.
come this difficulty by deforming our model via a sequence _ ...
of global and local transformations. Since the attribute vectorsEiJ -
are invariant to linear transformation, they remain relatively un- - r(vi) s, (vj)
changed in this deformgtiqr! process. Hence, thg model ter!ds to Z 8 Z (1 _ |VI (nb7‘z,m(Vf))|
gradually adapt to an individual boundary, yet it does so in a

=1 m=0
way that its attribute vectors remain relatively unchanged. Ef- . ‘ ‘
fectively, this defines a segmentation, but also a set of point cor- : ‘H (nbre, m(V})) - 7t (nbry, m(V})) D
respondences based on a similarity between attribute vectors. (2b)

Our deformation strategy is very robust to local minima, since
it deforms surface segments at a time, and not individual vevhere|VI(nbr, ,,(V}))|, valued between zero and one, is the

tices. normalized magnitude of the gradient at vertdm,m(vj);

The energy that our deformable model minimizes is defingft,, -, #(V})) is the direction of the gradienti(nbr, (V7))
as follows: is the normal vector of the deformed model for vertex
M N, M N nbry, m(Vj), directed toward the model’s interior. The param-

E= wi 1By i = w;, j (Emodel | pdatay eteré; denotes the weight of thigh neighborhood layer.
22 b =2 2w (B 5 The whole energy function of the snake is then given by (1),
(1) (2a) and (2b).

i=1 j=1 i=1 j=1
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{a) (b (e ) i)

Fig. 3. Demonstration of the deformation mechanism used in AFDM. A ventricular model is shown as gray surface on the left. Tentative deformatifacgof a s
segment aroun®;’ 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 The new configuration of the surface segment is then deter-

We now describe a greedy deformation algorithm for the miftined tzly fmdmgAi{l 'fhat minimize the sum of two energy
imization of the energy function in (). For the standard snakl€/MS£;5™ and EF94<l. _ L 4
the greedy algorithm moves the vertex to the position in its F19- 3 demonstrates some tentative positions of vergx
neighboring region that makes the snake energy minimal. rypd the corre_sporjdlng defor_matlons o_fthe surface segment. The
our method, we suggest considering the deformation of a sgfay surface in Fig. 3 (left), is a ventricular model. The rest of

face segment as whole, which greatly helps the snake avoid I0&§ images in Fig. 3 show tentative deformations of the ventric-
minima. ular model (white surfaces) overlaid on the undeformed model

At each iteration, a surface segment around a vertex can(gEaY surface).
deformed by an affine transformation. Recall that, under affine
transformations the value of the energy teEjjlj?del remains E. Adaptive-Focus Deformation Strategy
relatively unchanged. Accordingly, the new configuration of a

particular surface segment can be determined directly by min-Bra'n Images gohntz?]ln sech.raI b;)gndarles.fPr|or knowledge,
imizing an energy terrE;fj‘Fa [see (2b)]. In the 2-D case, the/n conjunction with the quality of image information (e.g.,

transformation matrix can be easily calculated from the moti ge strength), is used in AFDM to guide the deformation of

of the studied point [21]. However, in three dimensions, this cdfe model in a hierarchical fashion. In particular, surfaces for

culation becomes much more complicated, as described ne)&{hich we have relatively higher confidence are deformed first.
Since we deform only one piece of the model surface a other surfaces follow this deformation and get closer to

time, we can introduce discontinuities at the boundary of “Jigeir respective targets, they become more reliable features for

segment being deformed. In our 2-D model [21], we soIveCHi_Ving the model's deformation. We demonstrate this scheme
this issue by restricting the local affine transformation so thiping the example of the Ca‘,’date nucleus (CN)’ the. lenticular
it leaves the end-points of a deforming segment unchang@'i:i]',(:leuS (LN) an_d the ventr_|c_u_lar boundar]es. In Fig. 4 we

thereby maintaining continuity of the deformable contour. How? 1OW Cross ;e_ctmns of the initial (automatic) pIacemenF of a
ever, for a surface model this is not possible, because the \}%Qdel containing thfese flve surfaces, gnd_the def.ormatlon of
tices belonging to thB(Vj)th neighborhood layer, which is thethat model after ten iterations. The one in Fig. 4(b) is the result

layer farthest away fror?, do not necessarily lie on the Sameof AFDM, with the ventricular boundaries deforming first,

plane. Therefore, we cannot necessarily find a local affine trar?élOI the CN and LN boundaries following. In fact, there was a

formation that preserves the position of the end-vertices Ofa&é)_ntmuous blending in the deformation of the CN and LN as

forming segment. In order to remedy this situation, we usedtgranon number increased. The result of Fig. 4(c) was obtained

different form of transformation for each deforming surface seé'-a. the same .naofdel but W'tlh adnonellldaptlve deformzfaurc])n meé:hl-
ment, which is described next. nism, i.e., with forces applied to all components of the mode

Let Vj be the vertex whose neighborhoods form the SurfaTi?gnultaneously. In the adaptive fo_cus scheme, _the ventricles
segment to be deformed at a particular iteration (see Fig. 3). _Hét pulled _the LN close enough to its corresponding bo_undary
R(Vj)th neighborhood layer forms the boundary of the su‘rfaé'% e Mz |n1t§ge, k;]efore Lhe LN m?ﬁe:_sNtZrt?d defé);mlnga Itr;]
segment. Consider a tentative positidxgﬁ,Jr AV, to which v} e nonah aptive scl Eme’d owever, the etormed toward the
is to move during the greedy algorithm. Then, the new positi(Wurong (t € cortpa) ounadary. . . .
of each vertexabr; m(Vf), in the segment is defined as In addition tq its cross'-compgnent hlgrarchlcal formulation,

’ our approach is also hierarchical within-components of the
‘ 12 model. In particular, the parametdt(V}) that determines
nb7’l7m(V;’)+AV~eXp(—ﬁ), the locality of the deformation transformation is typically
7 chosen large in the initial iterations, and is gradually reduced to
whereo is a parameter determining the locality of the transfoene. Therefore, initially, relatively more vertices are involved
mation. We use values of that makeexp(—(R(V;)?)/(20%)) in the surface segment around verték, and the resulting
close to zero, effectively leaving the bounding curve of a déransformation is of relatively global form. In later stages, the
forming segment unchanged and, hence, maintaining continuttansformation affects the deformable model more locally.
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fa) (b) (c)

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 whiatidbatérstrhad

a much stronger influence on the model’s deformation, while the other structures followed the ventricular deformation. (c) An intermedidtarstdteiathe
nonadaptive strategy, with all structures deforming simultaneously (nonadaptive scheme). In (b), the LN followed the contraction of ventrpnriant of the

model, thereby avoiding the adjacent cortical edges. In (c), the LN has been trapped by the cortical edges.

(a) (bl

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 slitie denote
highest confidence, black denotes the lowest confidence, and uniform gray denotes background.

F. Learning Adaptive-Focus Knowledge dence levels from all model vertices, we can normalize all con-
fidence levels to a domain ¢6, 1.0].

The design of adaptive-focus strategy depends on our knowl\We applied the above algorithm to the model with the bound-
edge (or the level of our confidence) on each component of tages of the ventricles, CN and LN. In the following, we give
object of interest. In this section, a learning algorithm is chosé&wo examples where the confidence levels on the model vertices
to extract adaptive-focus knowledge from a set of aligned sagre calculated from one sample (Fig. 5) and 16 aligned sam-
ples. Usually, we have higher confidence level for the modeles (Fig. 6), respectively. For visualization purposes, the level
vertices that are located on the strong and isolated edges. P&eonfidence is represented by the intensities of the model ver-
ticularly, for a certain model vertex, the level of our confidenctices, where white corresponds to confidence level 1.0 and black
can be defined as the difference between its edge strength aatresponds to confidence level 0. In Fig. 5, we provide a cross
the mean edge strength in its neighborhood. We detail it in tBgction of a brain image [Fig. 5(a)], its edge map [Fig. 5(b)],
following. and its confidence level map [Fig. 5(c)]. For clearness, the back-

In Section 1I-C, we usdVI(V})| as the magnitude of the ground in Fig.. 5(c) has been set to gray, Ieve_l 0.5.1tis _shown
gradient at Verte)vji. Here, we also usv1(V7)] as the edge that the vgntrlcul_ar corners have relatively higher conflden.ce
strength at verteX’?. In the neighborhood of vertex/, i.e., 11 levels, while partial CN and most LN have very lower confi-

x 11 x 11, we can calculate the mean edge strength, whichdence Ie\_/els. Fig. 6 gives the confidence levels calculated from
denoted asncan(V}). The difference betweefwI(V})| and the 16 aligned samples.

mean(V}) is defined as the level of our confidence on vertex
Vi econf(V)) = |VI(V})| — mean(V}). The confidence level
con f(V}) could be negative. It represents the case of a weaker
edge at verte¥} and lots of stronger confusing edges in the In this section, we extend AFDM to incorporate information
neighborhood. By finding the minimal and the maximal confiabout the statistical variation of the model, in a form analogous

Ill. ADAPTIVE-FOCUS DEFORMABLE STATISTICAL SHAPE
MODEL
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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 catfidénce le
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 of each boundary. Notably, since AFDM is based on a simi-
at each iteration is constrained by the currently focused starity between attribute vectors, it determines point-correspon-
tistical information. In the following, we first describe howdences while deforming, and does not merely rely on approx-
we construct models of the training samples using AFDNimate point correspondences defined via parametric grids. We
while simultaneously establishing point-correspondences, ¥aund that AFDM worked very well on these hand-labeled im-
the attribute vector similarity criteria embedded in AFDMages. In very few cases we had to manually help the algorithm by
We then extend the statistical shape modeling paradigm “pllling” the surface to the boundary. The resulting point-cor-
[6], [8]-[10] to the adaptive focus framework of AFDM. Therespondences were used to calculate the covariance matrix and,
resulting model is called adaptive focus deformable statistidance, build the principal components of shape variation, as in

shape model (AFDSM). [6], [9].
Figs. 10 and 11 show the deformation of the model (initially
A. Training Set Construction obtained from a single subject) to a hand-labeled training

Statistical shape models have gained popularity in the me@mple. Cross sections of the deformed model are shown in
ical image analysis community after they were first introducddjack and are overlaid on (gray) sections of the target boundary.
in [6], because they elegantly incorporate prior knowledge abolir€€ stages of the process are shown: the initialization,
the expected shape and variation of a structure of interest. Giieintermediate result obtained after the model has focused
of the difficulties, however, associated with these models is th&@fimarily on the ventricles, and the final result.
training, which depends on defining point correspondences in a ) o )
training sample. This task is fairly straightforward in two dimenB- Adaptive-Focus Statistical Information
sions, although efforts to automate landmark definition haveln previous statistical shape models [6], [8]-[10], all land-
also been made [16]. However, definition of point correspomarks in the training samples was given equal weights when
dences in three dimensions is a very difficult task. To overcongalculating shape statistical parameters. However, in this equal
this difficulty, some investigators have assumed that approxeighting scheme, larger features of a shape dominate over rela-
imate correspondences can be defined by placing parametitely smaller, yetimportant features, merely because their large
grids on the structure of interest [8], [22]. Although this is aize influences the measures of shape variability. Furthermore,
convenient way to define correspondences and train a statistiedhtively unreliable features, if they are large, will dominate
shape model, it is based on only a rough approximation of poier relatively more reliable and important features. To over-
correspondences. come this limitation, in our calculation of the statistical param-

In our work we train the deformable model on samples whosgers, we weight different vertices of the model differently, with
point correspondences are defined via AFDM. In particular, imvertices belonging to relatively smaller structures assigned rel-
ages of each training sample are first hand-segmented on a sieely higher weights and vice versa. In order to better ex-
tion-by-section basis to the structures of interest (ventricles, LNlain the importance of variable weighting, we will use the ex-
and CN in this paper). After hand-segmentation, each intemple of a model containing a large structure (ventricles) and
esting class has its own intensity. AFDM is then applied t® smaller structure (LN). Due to their large size, the ventri-
the hand-labeled images, resulting in a surface representattes dominantly affect the statistical shape parameters, in that
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(1} (d) (d3) ()

Fig. 7. An example of ventricular segmentation using AFDM. (a) Model (gray) and (b) Segmented ventricles (white). (c) Overlay of segmentesi aseahtricle
initial model, showing the deformation imposed by AFDM. (d1-d4) Cross sections of initial (gray) and final (white) model configuration. tiutatizéhe
model was performed automatically.

the dominant eigenvectors primarily reflect the variability ofomplexity of the studied subject. It is about 30 min in an SGI
the ventricles. Accordingly, a deformation of the ventricles b CTANE workstation.
image-derived forces induces very little deformation on the LN.
This is problematic, since the LN should follow the deformatiop. Segmentation of Ventricular Boundaries by a
of the ventricles. Moreover, depending on the number of eigegingle-Component Model
vectors used, fine details of the LN can be lost. . . - .
) . . A ventricular model is shown in Fig. 7(a). This model uses
Our statistical model is analogous to the one in [6] anﬁi : . i N
. S 646 vertices and 5269 triangles; the initial model was con-
[8]-[10]. However, the variable weighting of the components . e . .
. Structed from a single individual using the Matlab isosurface
of the model effectively zooms each component to the same . ; . L
rautme. We tested this model on 32 typical brain images, and

overall size in the space in which the statistics are calculate . .
P were able to accurately reconstruct the ventricular surface in 31

so that each component is represented in the most importan{ of 32 cases by AFDM. Fig. 7 shows one of the correct re-

. . . . 0
e|genvector§ of the corresponding coyarlance.matnx. Eascﬁlts. In Fig. 7(a) and (b), initial model and segmentation re-
component is then scaled back appropriately to its actual size : .

: . . sult are shown as grey and white surfaces, respectively. They are
Fig. 12 provides some examples of training samples after the P . .

. .~ oyerlaid in Fig. 7(c). Fig. 7 (d1-d4) shows four different cross

have been linearly transformed to a template. More details Of _. . -
. s«sec'uons of the same result, with the initial models (grey con-
Pours) and final segmentations (white contours). The final seg-

can be found in [21]. In addition to accounting for size dif ntation result accurately fits the expected ventricular bound-
ferences in substructures of an active shape model, AFDSIF y P

allows for emphasis to be placed on structures or features tﬁg‘ﬁj

are relatively more reliable (see Figs. 4-6 and Section II-E. 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

In the experiments of this section we test the performancesmmbdel and the target, prevented the model from reaching far out
AFDM and AFDSM, first when the model consists of a singléo the boundary, especially in the posterior horns of the ventri-
surface (the ventricular boundary) and then when multiple swiles. In Fig. 9 we demonstrate a good result on the same case,
faces are included. Furthermore, we also test the robustnesgg AFDSM. The robustness provided by the statistical infor-
to noise. For the all experiments, the surface segment lengthation allows the algorithm to increase its searching window
R(Vj) are initially set to 30¢; set to one and; ; set to their and avoid local minima, yielding a result far better than AFDM
own levels of confidence. The computation time depends on tbethe statistical model alone.

IV. EXPERIMENTS
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dl) idd)

Fig. 8. A bad result obtained with AFDM.

{dl) (d2) (d3) (d4)

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 aespectively. The total number of triangles in the whole model
Multicomponent Model is 7912. Using the technique in Section Il-A, connections
among proximal vertices of different components were formed,
Fig. 1(b) shows a five-component model containing thas in Fig. 1(a).
boundaries of the ventricles and the left and right CN and LN. As we described in Section IlI-A, AFDM was applied on
The total number of vertices in this model is 3966. The surfachand-labeled images in order to construct the training set. An
of the ventricles, CN and LN have 2399, 760, and 807 verticaesxample of this procedure is shown in Figs. 10 and 11, where
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e e i b
Y v 7 Ny

(ay | (bl | ded)y | (dl)

(b2} | {c2) | {d2)

Fig. 10. Deformation of the model to a hand-labeled target image of a training sample, for determining point correspondences. (a) Binary sébiple data,
model, and (b2) model with the target. (c1) Intermediate result after the phase of focusing on the ventricles. (c2) Intermediate result mesgtgeith(ti)
Final result. (d2) Final result merged with the target.
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Fig. 11. Cross sections of the example of Fig. 10. Target outlines are shown as gray and deformed model as black. Top row shows initializationrawd middle
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 ouia a global linear transformation following the ventricular de-
line of the hand-labeled image is shown in gray lines. The iMiermation. Some of the resulting training samples are displayed
tial, and intermediate, and the final results are shown in the top Fig. 12, which are linearly transformed versions of the AFDM
middle, and bottom rows, respectively, in Fig. 11. The intermeesults on the hand-labeled images.

diate result was obtained primarily by focusing on the ventricles, One representative result obtained via AFDSM is shown in
while the rest of the components of the model were deformé&tl. 13, in three dimensions and as cross sections.
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Fig. 12. Some samples used in the multicomponent model. The training set contained initially 12 subjects, and was subsequently extendedtlysing correc
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 samplebtain noisy images. Fig. 14(b—f) shows five cross sections of
for which we had available manual segmentations, we applifiee noisy images that were corrupted by Gaussian noise with
AFDM and AFDSM on each subject’s original MR images, andtandard deviation of 10, 20, 30, 40, and 50, respectively. In our
we compared the result to the manual segmentations. We calalgorithm, the initialization for all these testing images are the
lated the average distance between the resulting surfaces and#me as that used in Figs. 10 and 11. The average boundary error
corresponding hand-labeled boundaries, and we found it to [28], Eb_a, is defined as the average distance between the ac-
comparable to the voxel size. Table | shows the results for theal boundaries of the study image [Fig. 14(a)] and the bound-
two algorithms. The results of Table | show that AFDSM ustaries that are segmented by our algorithm. Solid lines in Fig. 15
ally has slightly better performance than AFDM, because of ashow the variations of the average boundary etf@i,a, with
ditional the use of statistical information. But the improvemerstandard deviations of zero-mean Gaussian noise. Moreover, the
is only marginal. In one case (sample 10), the error actually iaverage correspondence erige, a, is defined and calculated to
creases when using statistical information, probably due to teealuate the further performance of our algorithm. Here, we de-

relatively small size of the training set. fine Ec_a as the average distance between corresponding points
obtained under noise, relative to their counterparts in the ab-
C. Robustness of AFDSM to Noise sence of noise. The dotted lines in Fig. 15 @bt q for different

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

In order to demonstrate the effect of noise on the performan%
of AFDSM, we generated a 3-D synthetic study image from. a
hand-labeled image shown in Fig. 10(a). One cross section of
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 In this paper, we have presented a deformable model
LN were set to the average gray-matter intensity, 82. Others #d-DSM) for automatically segmenting objects from volu-
set to average white-matter intensity. We added varying amountstric MR images, as well as for establishing point correspon-
of zero-mean Gaussian noise to this synthetic study imagedences, by combining geometric and statistical information.

V. CONCLUSION
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{el) (e2) ie3) {ed)

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

TABLE |
QUANTITATIVE VALIDATION ON BOTH AFDM AND AFDSM ALGORITHMS BY USING TEN HAND-LABELED SAMPLES. THE ERRORSARE AVERAGE BOUNDARY
DISTANCES AT THE UNIT OF PIXEL

samples 1 2 3 4 5 6 7 8 9 10
AFDM 1.14 1.45 1.04 1.77 1.51 0.97 1.52 1.53 1.66 1.07
AFDSM | 0.99 1.42 0.90 1.46 1.35 0.91 1.37 1.32 1.59 1.12

The geometric information is in the form of an attribute vectanformation about the geometric structure of the model from a
attached to each point of a deformable model, which carrikxal to global scale. Attribute vectors help differentiate among
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{a) (1) (<)
(d) (e}

Fig. 14. Images used for demonstrating the robustness of AFDSM against noise. (a) Synthetic study image. (b—f) Noisy images that are corruptedrby zero
Gaussian noise with standard deviation of 10, 20, 30, 40, and 50, respectively.
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Fig. 15. The effect of noise on the performance of AFD3\._«: average boundary erraFjc_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.A key feature of our model is that it is able to define point cor-
The statistical information in AFDSM reflects the expectetespondences, in addition to segmenting a structure of interest.
shape variability, while accounting for size differences in th€his is achieved via an energy term that uses similarity of the at-
different components constituting the model. A hierarchic#dibute vectors instead of some arbitrary elastic or other internal
deformation mechanism was proposed, which initially focusesergy form, and is based on the fact that attribute vectors char-
on boundaries that are easier to find, and gradually shifts focrsterize the local and global geometric structure of the model
to other structures, as those get closer to their respective targatsund each of its points. We also demonstrated that the adap-
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tive focus deformation mechanism helps the model avoid badg]
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.[10]
Current work focuses on extending this model to include more
structures, particularly the hippocampus and adjacent corticay)
structures.

Some extensions of our methodology are possible. In partigy
ular, instead of or in conjunction with using the Canny edges to
determine external forces, a fuzzy segmentation [23] can be fir§t3l
applied. This approach will render the technique independent c[{4]
the particular image acquisition protocol.

Currently, the vertices are arranged into tetrahedra that repr o
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 combing®
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 i
our model at multiple resolutions will definitely accelerate the
speed of our algorithm. [18]

We finally want to note that all of our experiments have been
performed on MR images of elderly individuals, which display[19]
reduced white matter/grey matter contrast and often extreme at-
rophy, which is reflected, in part, by very large ventricles. De-[zo]
spite the difficulties imposed by the nature of the data, we have
obtained good and robust results in approximately 90 brain im[21]
ages.

The source code for our deformable model (AFDSM) is[22]
freely available from http://pandora.cbomv.jhu.edu/~dgshen/
3DSnakeCode.htm. 23]

(24]
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