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Abstract. Segmentation of anatomical objects is always a fundamen-
tal task for various clinical applications. Although many automatic seg-
mentation methods have been designed to segment specific anatomical
objects in a given imaging modality, a more generic solution that is di-
rectly applicable to different imaging modalities and different deformable
surfaces is desired, if attainable. In this paper, we propose such a frame-
work, which learns from examples the spatially adaptive appearance and
shape of a 3D surface (either open or closed). The application to a new
object/surface in a new modality requires only the annotation of train-
ing examples. Key contributions of our method include: (1) an automatic
clustering and learning algorithm to capture the spatial distribution of
appearance similarities/variations on the 3D surface. More specifically,
the model vertices are hierarchically clustered into a set of anatomical
primitives (sub-surfaces) using both geometric and appearance features.
The appearance characteristics of each learned anatomical primitive are
then captured through a cascaded boosting learning method. (2) To ef-
fectively incorporate non-Gaussian shape priors, we cluster the train-
ing shapes in order to build multiple statistical shape models. (3) To
our best knowledge, this is the first time the same segmentation algo-
rithm has been directly employed in two very diverse applications: a.
Liver segmentation (closed surface) in PET-CT, in which CT has very
low-resolution and low-contrast; b. Distal femur (condyle) surface (open
surface) segmentation in MRI.

1 Introduction

In recent decades, automatic/semi-automatic algorithms for the delineation of
anatomical structures has become more and more important in assisting and
automating specific radiological tasks. Hence, it is not surprising that there have
been multitude of algorithms developed in recent years, each tailored towards a
particular anatomical structure and imaging modality, typically with a few key
parameters to tweak for the algorithm to work. In spite of the availability of all
these algorithms [I][2][3][4], generally, it is not easy to make these algorithms to
work on another structure/organ and/or imaging modality.

To that end, in this paper, we propose a learning-based hierarchical de-
formable model to segment various organs (or structures) from different medi-
cal imaging modalities. Compared to the existing methods in the “deformable
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model” family, our method has three hallmarks. First, the boundary appearance
is hierarchically modeled and learned in a spatially adaptive way. More specifi-
cally, the vertices of the deformable model are hierarchically clustered based on
both the geometric and appearance similarity. Boundary characteristics of each
cluster is then captured by training a boundary detector using a cascade boosting
method, finally providing a hierarchically learned model for deformation. Sec-
ond, shape priors are modeled by multiple statistical shape models built upon
clustered shape instances. Since each cluster of shape instances represents one of
the distribution modes in the shape space, multiple statistical shape models are
able to provide more “specific” refinement to the deformable model. Third, and
finally we demonstrate the efficacy of our algorithm (without changing any pa-
rameters), on two different anatomical structures (liver and distal end of femur)
in two contrasting imaging modalities (PET-CT and MR).

2 Related Work

Deformable model is a vigorously studied
model-based approach in the area of med-
ical image segmentation. The widely recog-
nized potency of deformable models comes
from their ability to segment anatomic struc-
tures by exploiting constraints derived from
the image data (bottom-up) together with
prior knowledge about these structures (top-
down). The deformation process is usu-
ally formulated as an optimization problem
whose objective function consists of exter-
nal (image) term and internal (shape) term.
While internal energy is designed to preserve Fig.1. An example of liver CT im-
the geometric characteristics of the organ ages. Arrows a-e point to boundaries
under study, the external energy is defined between liver and rib, lung, heart,
to move the model toward organ bound- abdomen and colon that show het-
aries. Traditional external energy term usu- €rogenous appearance.

ally comes from edge information [5], e.g.,

image gradient. In recent years, more effort has been invested on the integration
of other image features, e.g., local regional information [I][2] and texture models
[3]. By combining different image features as the external energy, deformable
model achieves tremendous success in various clinical practices. However, as
these external energy terms are usually designed for specific imaging modality
and organ, they lack scalability to different medical imaging modalities. Ma-
chine learning technologies have opened the door for a more generic external
energy design. By using learning-based methods, boundary characteristics can
be learned from training data [6][7]. In other words, the “design” of external
energy becomes data driven and extensible to different imaging modalities. A
potential problem is that the boundary characteristics of organs can seldom be
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learned by a single classifier due to heterogenous characteristics along organ
boundaries (c.f. Fig[l). To address this problem, a “divide-and-conquer” strat-
egy is desired. More specifically, the deformable model should be decomposed
into a set of sub-surfaces with relatively similar boundary characteristics.

Moreover, by hierarchically decomposing the deformable model into a set of
deformation units, the speed and the robustness of segmentation can be highly
improved [8]. However, the hierarchical structure was designed heuristically in
[8]. Hence, a more principled way to generate the hierarchical structure, as
presented in this work, would be highly desirable.

3 Method

3.1 Overview

In our study, we aim to develop a deformable model that is extensible to different
imaging modalities. To achieve this purpose, we propose a learning-based hierar-
chical model, which is purely data-driven. Given a set of manually segmented train-
ing data, the hierarchical structure of the deformable model is constructed through
an iterative clustering and feature selection method. As shown in Fig. Bl every
node of the hierarchical structure represents a sub-surface of the deformable model.
For each primitive sub-surface, i.e., leaf nodes in the hierarchical tree, a bound-
ary detector is learned using a cascade boosting method. The ensemble of these
learned boundary detectors actually capture the appearance characteristics of a
specific organ in a specific imaging modality. Their responses guide the deformable
model to the desired organ boundary. In addition to the hierarchical model and the
boundary detectors, a set of statistical shape models are built upon clustered shape
instances in the learning stage. These shape priors will be used to constrain the
deformable model at run-time. The diagram of our method is shown in Fig[2
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Fig. 2. Flowchart of the learning-based hierarchical model showing both the offline
learning and the online testing system
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Fig. 3. Hierarchical structure of the deformable model. Color patches depict the sub-
surfaces (H}) at jth hierarchical level comprised of vertices in the ith cluster.

Model Description. Our deformable model is represented by a triangle mesh:
S=(V,T), where V = {v;]i = 1,..., N} denotes the vertices of the surface and
T = {tj|j = 1,..., M} denotes the triangles defined by vertices. Mathemati-
cally, the segmentation problem is formulated as the minimization of an energy

function defined as:
N

E(S) = Eeqt(S) + Eint(S) = > Eear(v:) + Eint(S) (1)

i=1

where F.,; and E;,; are the image (external) energy term and shape (internal)
energy term. A hierarchical deformation strategy is employed to solve this high
dimensional optimization problem (Refer [6] for details). Due to page limits, we
will focus on the energy terms in the remainder of this paper.

3.2 Hierarchical Model with Learning-Based Boundary Detectors

Our external energy is defined by the responses of a set (or ensemble) of boundary
detectors built upon the hierarchical deformable model. The following steps are
used to generate the hierarchial model and the boundary detectors.

Affinity Propagation Clustering. “Affinity propagation” method [9] is em-
ployed to cluster vertices. Affinity propagation method models each data point as
a node in a network. During the clustering process, real-valued messages are re-
cursively exchanged between data points until a high quality set of exemplars and
corresponding clusters emerge. Compared to other clustering methods, affinity
propagation considers each data point as a potential cluster center and gradually
generate clusters. Therefore, the solution is not sensitive to bad initialization and
hard decision.

In our study, it is important to design an appropriate similarity between
vertices since it determines the clustering results of affinity propagation. We put
two constraints on the clustered vertices. First, to facilitate the characterization
of heterogenous boundary, vertices in the same cluster should have relatively
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similar image features. Second, the hierarchical deformable model requires the
vertices within a cluster to be proximal to each other on the surface. In this way,
the cluster center can be treated as a “driving vertex” and drive its neighborhood
in the deformation process. To achieve these two purposes, the similarity between
vertices is defined as follows.

+ (1= a)C(F(vf), F(v))] 2)

Mx

s(vi,vj) = 1= (1/K) Y [aG(vF, %)

J
k=1

Here, K is the number of training subjects, v¥ denotes the ith vertex of

the kth subject. G(v¥, ]) denotes the geodesic distance between v and v
C(F(F), F(v vj %)) denotes the Euclidean distance between image feature vectors

calculated at v¥ and v;?.

Iterative Feature Selection/Clustering. To construct the hierarchical struc-
ture of the deformable model, vertices are recursively clustered. Assume H is
the ith cluster at the jth hierarchical level, vertices belonging to HZ] are further
clustered to a set of sub-clusters {H} ™' k=1,..., N;}:

in, in;
v =) B and () HI"' =0 (3)
k:il ]{?:il

The remaining problem is the selection of appropriate F(.) in Eq.[2 This is actu-
ally an “egg-and-chicken” problem. On one hand, to achieve the desired clusters,
we need to know the distinctive feature sets for boundary description. On the
other hand, distinctive features for local boundary can be obtained only after
we have the vertices cluster. To address this problem, we propose an iterative
clustering and feature selection method.

For the first level of cluster, we use intensity profile along normal of the vertices
as F(.). After that, assume H} = {v;}, we use Adaboost method to select the
features that are most powerful to distinguish {v;} from the points along their
normal directions, both inside and outside of the surface. The selected feature
set are used as F(.) in Eq. @ to further cluster {v;} to a set of sub-clusters
{H, ,JCH, k =1i1,...,in,}. Feature selection and clustering are iteratively executed
until boundary characteristics within a cluster becomes learnable.

Learn Boundary Detectors. For each primitive cluster, i.e., the leaf node
of the hierarchical tree, a boundary detector is learned to characterize local
boundary. In principle, we follow the idea of [10] to use an extensively redundant
feature pool and a cascade Adaboost method to learn a boundary detector. Given
an image I, §(x; I) denotes the redundant feature vector of x. (In practice, we use
2D, 3D or 4D Haar-like features depends on the dimensionality of different image
modalities.) In run-time system, each learned classifier generates a boundary
probability map P(x|I). Hence, the external energy term in Eq. [ is defined as:

Eezt(vi) =1 = P(vill) =1 = Ch, (§(vi; 1)) (4)

where h,, is the cluster index of v; and C}, defines the corresponding classifier.
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3.3 Multiple Statistical Atlas Built on Clustered Shape Instances

In the well-known active shape model [I1], shape prior is modeled by a statistical
model built upon the whole population of shape instances. However, the assump-
tion that the shape instances follow a mono-Gaussian distribution in the shape
space might not always hold for some organs. An effective solution is to build sub-
population models [12]. Inspired by this idea, we build multiple shape models upon
clustered shape instances. Given a set of training shapes, they are firstly clustered
according to pair-wise shape similarity, which is defined by the Euclidean distance
between shape vectors. A set of statistical models are then built on each clusters,
respectively. In the run time, the deformable model is constrained by the most
similar statistical shape model. More specifically, the deformed model is mapped
to the eigen-spaces of each shape cluster, respectively. The shape statistical model
that gives the most compact description is selected to refine the deformed model.
Hence, the internal energy of Eq.[lis formulated as:

Eznt(s) =1—- miax e(*S*Si)TEi(fsfsi) (5)

where S; and Z; denote the average shape and the covariance matrix of the ith
shape cluster, respectively.

4 Results

Liver segmentation in wholebody PET-CT. Wholebody PET-CT provides
fused morphological and functional information, which benefits cancer diagnosis
and therapy evaluation. As the
standardized uptake value of liver
is usually higher than surround-
ing tissues, it is desired to seg-
ment liver from PET-CT for an
organ-specific PET-CT interpreta-
tion. In this study, the learning-
based hierarchial model was trained
by 20 wholebody PET-CT scans
with manually delineated liver sur-
faces. (To jointly exploit CT-PET
information, 4D Haar-like filters are
used for feature extractor.ﬂl'{ﬂ) As Fig. 4. 3D rendering of the hierarchical struc-
shown in Fig. Bl the generated ture of aliver model. Color patches denote the
model has two hierarchical levels vertices belonging to the same cluster. Left:
with 8 and 25 vertices clusters, re- Anterior View. Right: Posterior view.
spectively. The automatic segmen-

tation results on 30 testing dataset

(PET: 5 x 5 x 5mm; CT: 1.3 x 1.3 x 5mm) are compared with manually
delineated organ surfaces (see Fig. [). Accuracy measurements include me-
dian distance between surfaces, average distance between surfaces, volume dif-
ference and volume overlap difference. In Table [I, we compare our proposed

Hierarchical
Level 1

Hierarchical
Level 2
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Table 1. Quantitative comparison of learning based methods on PET-CT liver
segmentation

Med Surf. Dist.(voxel) Avg Surf. Dist (voxel) Vol. Diff. (%) Overlap Diff. (%)
Method1 0.84 1.01 3.13 7.61
Method?2 1.27 1.61 5.16 12.1

method (Methodl) with Method?2, which is a learning-based deformable model
with heuristically designed hierarchical structure. More specifically, in Method2
the hierarchical structure is determined by clustering neighboring vertices,
based only on geodesic informationl. Therefore, the spatially clustered vertices
in Method2 might have larger appearance variation, which is difficult to learn.
Hence, Method2 shows inferior performance.

Distal femur condyle surface segmentation in MR T1 image. The mor-
phological shape and geometry of the condyle surface is not only important for
understanding the kine-
matic function of the knee,
but also has clinical sig-
nificance in areas of to-
tal knee arthroplasty and
anterior cruciate ligament
reconstruction [I4]. The
automatic segmentation of
condyle surface is useful to
knee disease diagnosis and
therapy planning. We ap-
ply the same method on
the segmentation of distal
femur MR T1 images. As
shown in Fig. Bl the auto-
matic segmentation is very
close to manual segmen-
tation. Tested on 21 knee
MR images (T1, 1.953 x
1.953 x 2mm), the average
distance between manually
the automatically delin-
Fig. 5. Comparison of manual and automatic segmen- eated surfaces is 1.87mm
tation. Blue/yellow and red/blue contours denote the (in sub-voxel precision)
automatic and manual segmentation, respectively.

! Note that Method2 only differs from Method in the way their hierarchical structures
are built.

2 As the distal femur surface is an open surface, we cannot provide the volume error
in this experiment.
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Importantly, for both liver PET-CT and femur distal surface segmentation,
we use exactly same parameters. The accurate results shows that our method is
transparent to different imaging modalities and different organs.

5 Conclusion

In this paper, we proposed a learning-based hierarchical deformable model for
automatically segmenting anatomic structures across different imaging modal-
ities. The boundary appearance of the anatomical structure is hierarchically
modeled through an iterative clustering and learning framework. In addition,
the non-gaussian shape variations of these anatomical structures are modeled
through multiple statistical shape models, built upon clustered shape instances.
The algorithm does not require tweaking of any parameters and the only in-
put required by the algorithm is the image data along with the corresponding
annotations. Experimental results on two different structures (liver and distal
femur) demonstrated the potential of this method in dealing with segmentation
problems in contrasting image modalities.
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