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a b s t r a c t

‘‘Shape’’ and ‘‘appearance’’, the two pillars of a deformable model, complement each other in object seg-
mentation. In many medical imaging applications, while the low-level appearance information is weak or
mis-leading, shape priors play a more important role to guide a correct segmentation, thanks to the
strong shape characteristics of biological structures. Recently a novel shape prior modeling method
has been proposed based on sparse learning theory. Instead of learning a generative shape model, shape
priors are incorporated on-the-fly through the sparse shape composition (SSC). SSC is robust to non-
Gaussian errors and still preserves individual shape characteristics even when such characteristics is
not statistically significant.

Although it seems straightforward to incorporate SSC into a deformable segmentation framework as
shape priors, the large-scale sparse optimization of SSC has low runtime efficiency, which cannot satisfy
clinical requirements. In this paper, we design two strategies to decrease the computational complexity
of SSC, making a robust, accurate and efficient deformable segmentation system. (1) When the shape
repository contains a large number of instances, which is often the case in 2D problems, K-SVD is used
to learn a more compact but still informative shape dictionary. (2) If the derived shape instance has a
large number of vertices, which often appears in 3D problems, an affinity propagation method is used
to partition the surface into small sub-regions, on which the sparse shape composition is performed
locally. Both strategies dramatically decrease the scale of the sparse optimization problem and hence
speed up the algorithm. Our method is applied on a diverse set of biomedical image analysis problems.
Compared to the original SSC, these two newly-proposed modules not only significant reduce the com-
putational complexity, but also improve the overall accuracy.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

In various applications of medical image segmentation, deform-
able models have achieved tremendous success, thanks to the com-
bined use of shape and appearance characteristics. While
appearance features provide low level clues of organ boundaries,
shapes impose high level knowledge to infer and refine deformable
models. However, in some medical image analysis problems,
appearance cues are relatively weaker or even misleading. In those
cases, the best ‘‘guess’’ of the organ boundaries can only come from
shape priors, which should be effectively modeled from training
shapes. Effective shape modeling faces the following challenges,
(1) shape variations are complex and cannot always be modeled
by a parametric probability distribution; (2) a shape instance de-
rived from image appearance cues (input shape) may have gross
errors; and (3) the local details of the input shape are difficult to
preserve if they are not statistically significant in the training data.
Traditional deformable model, e.g., Active Shape Model (Cootes
ll rights reserved.
et al., 1995), as well as its extensions (Heimann and Meinzer,
2009; Nahed et al., 2006), cannot tackle them in a uniform way.
(More detailed reviews are presented in Section 2.1.)

Recently, a new non-parametric method has been proposed to
tackle these three challenges in a unified framework (Zhang
et al., 2011a, 2012). Instead of using any parametric model of shape
statistics, this method incorporates shape priors on-the-fly through
sparse shape composition. More specifically, there are two general
sparsity observations: (1) given a large shape repository of an or-
gan, a shape instance of the same organ can be approximated by
the composition of a sparse set of instances in the repository;
and (2) gross errors from local appearance cues might exist but
these errors are sparse in spatial space. This setting shows three
major advantages: (1) General: There is no assumption of a para-
metric distribution model (e.g., a unimodal distribution assump-
tion in ASM), which facilitates the modeling of complex shape
statistics. (2) Robust: Since it explicitly models gross errors, erro-
neous information from appearance cues can be effectively de-
tected and removed. (3) Comprehensive: It exploits information
from all training shapes. Thus it is able to recover detail informa-
tion even if the detail is not statistically significant in training data.

http://dx.doi.org/10.1016/j.media.2012.07.007
mailto:yiqiang@gmail.com
http://dx.doi.org/10.1016/j.media.2012.07.007
http://www.sciencedirect.com/science/journal/13618415
http://www.elsevier.com/locate/media
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Combining of SSC and deformable models provides more robust
and accurate segmentation, especially when low level appearance
cues are missing or misleading.

However, sparse shape composition has inferior run-time effi-
ciency, in particular under two situations. First, there are a large
number of training data available and all of them are straightfor-
wardly included in the training repository. Second, in practice,
many 3D deformable models have many thousands of points in or-
der to give an accurate description of organ shapes. In both scenar-
ios, Sparse Shape Composition needs to solve a large scale sparse
optimization problem, which has high computational complexity.
Compared to traditional shape modeling methods, a deformable
segmentation system with sparse shape composition might exhibit
low speed, which cannot satisfy many clinical applications.

In this paper, we propose a deformable model aiming to achieve
robust segmentation in the presence of weak/misleading appear-
ance cues. In order to integrate sparse shape composition as a
shape prior modeling component, we designed two strategies to
improve its run-time efficiency. First, a sparse dictionary learning
technique is employed to compute a compact codebook (i.e., dic-
tionary), which can represent well the original database. Instead
of using all data for model selection, we perform a sparse shape
composition on this learned dictionary. Although the dictionary
contains less information than the initial complete data, it is still
able to capture shape details, and improves the computational effi-
ciency. Second, instead of modeling global shape priors, we propose
to decompose the deformable surface into multiple parts and build
shape models on them independently. The partition is accom-
plished by affinity propagation method (Frey and Dueck, 2007)
using both geometry and appearance features. Besides the run-
time efficiency, this strategy also leads to a better shape modeling,
since the shape statistics of local sub-surfaces often have more
compact distributions than global surfaces. Using these two strat-
egies, we achieve a robust, accurate, and most importantly, effi-
cient, deformable segmentation system, which is clinically
acceptable.

The rest of the paper is organized as follows. Section 2 reviews
relevant work in both shape prior models and sparsity methods.
Section 3 details our algorithm, including the segmentation frame-
work, basic sparse shape composition and its two key optimizations,
(1) dictionary learning, and (2) local shape prior modeling using
mesh partitioning. Section 4 shows the experimental results of
three applications, including 2D lung localization using dictionary
learning, 3D liver segmentation using mesh partitioning, and 3D
rat cerebellum segmentation. Section 5 concludes this paper.

2. Related work

Since we use sparsity and dictionary learning methods to model
shape priors, we review relevant work in both shape prior and
sparsity communities.

2.1. Shape prior models

Following the seminal work on active shape models, many
other methods have been proposed to alleviate problems in three
categories (1) complex shape variations, (2) gross errors of input,
and (3) loss of shape details.

(1) To model complex shape variations, one needs to improve
the traditional single Gaussion distribution assumption. A
mixture of Gaussians (Cootes and Taylor, 1997) is a natural
extension. It is more flexible to represent 2D shape variation
than single Gaussian. However, some complex shape
variations may not be well represented by any parametric
probability distribution. Thus, instead of generically model-
ing a whole group of shapes, one can model the specific
shape. For example, Pohl et al. (2004) have proposed to cou-
ple the PCA based shape modeling with a maximum a poste-
riori estimation problem which is solved through an
alternating optimization framework. This allows the system
to accommodate shapes that differ from those modeled by
the PCA. Thus it is not restricted to the training data, but
can model patient-specific abnormalities. Some methods
were also proposed to decompose the shape space into mul-
tiple sub-spaces, such as patient-specific shape statistics (Shi
et al., 2008; Yan and Kruecker, 2010) and subject-specific
dynamical model (Zhu et al., 2009, Zhu et al., 2010). Another
approach is to non-linearly model shapes using manifold
learning techniques, such as in Etyngier et al. (2007) and
Zhang et al. (2011b).

(2) To handle outliers of input data, one type of methods is to
detect and correct the outliers. For example, Duta and Sonka
(1998) propose to use the variance information from the
PDM to detect outliers, and use their neighboring informa-
tion to correct detected outliers. Lekadir et al. (2007) con-
sider the relationship among landmarks (i.e., the ratio of
landmark distance) to detect outliers. It is worth mentioning
that missing landmarks can also be treated as a special case
of outliers. It is solved by using the partial ASM techniques
(Yan et al., 2010). The other type of methods uses the
weighting of residuals to decrease outliers’ influence. For
example, Rogers and Graham (2002) have proposed a robust
ASM which uses random sample consensus (RANSAC) (Fis-
chler and Bolles, 1981) to remove the influence of outliers.
Chui and Rangarajan (2003) have proposed to use robust
point matching algorithm to find the best-fitting model
and thus reject outliers.

(3) To preserve local shape details, one needs to well model the
local shape information even such information is not statisti-
cally significant. Since the traditional PCA method has no con-
straint of the changing scale of each mode, it usually depicts
the global shape variance. Thus, sparse PCA (Sjostrand et al.,
2007) has been proposed. Different from traditional PCA,
sparse PCA ensures that each mode only affects locally clus-
tered landmarks (i.e., neighboring elements in the 2D PCA
modes), while the rests are flat zeros. In other words, it cap-
tures the local shape variance in each mode. However, it only
handles 2D cases since it is ambiguous to map 3D neighbors
to 2D vectors. Hierarchical modeling is another approach to
incorporate local information. For example, Davatzikos et al.
(2003) represents 2D shapes as their wavelet transform, fol-
lowed by a PCA on the wavelet coefficients. By doing this,
local shapes can be well represented using wavelets. In gen-
eral, it is challenging to preserve local shape details in 3D
space, since the 3D neighborhood information is not straight-
forward to encode explicitly.

2.2. Sparsity methods and dictionary learning

Sparsity methods have been widely investigated recently. It has
been shown that a sparse signal can be recovered from a small
number of its linear measurements with high probability (Candes
et al., 2006; Donoho, 2006). To solve these problems of sparsity pri-
ors, one can either use greedy methods such as basis pursuit (BP)
(Chen et al., 2001), matching pursuit (Mallat and Zhang, 1993),
orthogonal matching pursuit (OMP) (Chen et al., 1896) and stage-
wise OMP (stOMP) (Donoho et al., 2006), or use L1 norm relaxation
and convex optimization (Candes et al., 2006; Kim et al., 2007;
Figueiredo et al., 2007).
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The sparsity prior has been widely used in computer vision and
multimedia communities, such as, but not limited to, robust
face recognition (Wright et al., 2009), image restoration (Mairal
et al., 2009), image bias estimation (Zheng and Gee, 2010), MR
reconstruction (Lustig et al., 2007; Huang et al., 2011), automatic
image annotation (Zhang et al., 2010), and expression recognition
(Zhong et al., 2012). Specifically, Wright et al. (2009) have shown
both theoretically and experimentally that sparse representation
is critical for high-performance classification of high-dimensional
data such as face images. They also demonstrated that the choice
of features is less important than the number of features used,
and that occlusion and corruption can be handled uniformly and
robustly with this framework. We have investigated sparse repre-
sentation for shapes (Zhang et al., 2011a, 2012) instead of images
or videos. In this context, the main challenges are twofold: (1)
shape data may have arbitrary dimensions, e.g., 2D contour or 3D
mesh; (2) different from the assumption in (Wright et al., 2009),
the input shape data may have large misalignments. Thus transfor-
mation parameters should also be modeled explicitly.

Furthermore, when training datasets have thousands or mil-
lions of samples, it may not be feasible to use all of them due to
the computational considerations. It is desirable to learn a compact
dictionary to represent the original dataset by minimizing the
reconstruction errors. Finding a compact dictionary has been
extensively studied in signal processing community. We briefly
introduce some relevant techniques. Dictionary learning typically
consists of sparse coding and codebook update. Greedy algorithms
such as matching pursuit (MP) (Mallat and Zhang, 1993) and
orthogonal matching pursuit (OMP) (Chen et al., 1896) can be em-
ployed for finding sparse coefficients (coding). Extensive studies of
these algorithms show that if the sought solution is sparse enough,
these greedy techniques can obtain the optimal solution (Tropp,
2004). To update a codebook, optimal direction (MOD) (Engan
et al., 1999) and K-SVD (Aharon et al., 2006) are two effective
approaches. Although both of them achieve similar results,
we use K-SVD to learn our dictionary because of its better conver-
gence rate.

It is also worth mentioning that sparsity has been adopted in
segmentation algorithms in different manners, such as the sparse
information models (Florin et al., 2007), which reconstruct a 3D
surface from 2D sparse subcomponents.
3. Methodology

3.1. Segmentation framework

To remain general, our segmentation framework is designed as
‘‘data-driven’’. Fig. 1 shows the workflow of our segmentation sys-
tem, which consists of offline learning and runtime segmentation
stages. In offline learning, images along with the manually labeled
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Fig. 1. The workflow of our segmentation framework consisting the offline learning and
in this system.
ground truths are employed to learn the appearance and shape
characteristics of the organ under study.

Appearance characteristics are obtained through learning land-
mark detectors and a set of spatially adaptive boundary detectors.
More specifically, landmark/boundary detection is formulated as a
classification problem. A large number of features are extracted
using over-complete Haar wavelets. These features are selected
and optimally aggregated using Adaboost classification algorithm.
Shape characteristics are extracted from a set of manually delin-
eated organ contours or surfaces. A shape repository/dictionary is
constructed using these organ contours/surfaces. It will be
exploited to derive shape priors during runtime.

Runtime segmentation starts from the initialization of the model
(represented by a 2D contour or a 3D triangular surface) based on
automatically detected landmarks and shape priors. The contour/
surface then deforms under the guidance of both image appearance
cues and shape priors. Deformation is usually formulated as the
optimization of an energy function consisting of external/image
and internal/shape terms, and in practical implementations it is
usually performed in two steps iteratively. First, the surface model
deforms to local places where the learning-based boundary detec-
tors generate higher responses. Next, the locally deformed surface
is refined by the shape priors derived from the shape repository.
These two steps will be repeated until convergence.

Although learning-based landmark/boundary detectors can
tackle reasonable appearance variations (Zhan et al., 2008, 2009),
they might generate wrong responses in the presence of severe
imaging artifacts/diseases, and hence mislead the deformable
model. In this scenario, shape prior is the only information source
to initialize/correct the deformable surface. (Note that shape priors
are employed in both landmark-based model initialization and
shape refinement in Fig. 1.) Therefore, the effective modeling of
shape priors becomes extremely critical to achieve a robust seg-
mentation. This will be the major topic in the remainder of this pa-
per. (For more details of appearance modeling, refer to Zhan et al.
(2008, 2009, 2011).)

3.2. Sparse shape composition

In this subsection, we briefly introduce the sparse shape compo-
sition (SSC) model proposed in Zhang et al. (2012). Instead of
assuming any parametric probabilistic distributions of the shape
statistics, SSC is designed according to two observations: (1) After
being aligned to a common canonical space, any shape can be
approximated by a sparse linear combination of other shape in-
stances in the same shape category. Approximation residuals
might come from inter-subject variations. (2) If the shape to be
approximated is derived by appearance cues, residual errors might
include gross errors from landmark/boundary detections. But such
errors are sparse as well. Accordingly, shape priors are incorpo-
rated on-the-fly through shape composition, i.e., a shape derived
Boundary Detectors

eformation and 
Refinement

Final 
Segmentation

 Dictionary  
 Partitioning

nd Truths (Landmarks and Shapes)

online testing modules. The grey block indicates our major novelty and contribution
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by appearance cues is refined by the approximation of a set of
annotated shape instances following the two sparsity observations.

In this study, a shape is represented by a contour (2D) or a tri-
angle mesh (3D) which consists of a set of vertices and edges. De-
note the input shape as v, where v 2 RDN is a vector concatenated
by coordinates of its N vertices, and D ¼ f2;3g denotes the dimen-
sionality of the segmentation problem. (In the remainder of this
paper, any shape instance is defined as a vector in the same
way.) Assume D ¼ ½d1;d2; . . . ;dK � 2 RDN�K is a large shape reposi-
tory that includes K accurately annotated shape instances di. Note
that {di, i = 1,2,3, . . . ,K} are pre-aligned using generalized Procrus-
tes analysis (Goodall, 1991; Cootes et al., 1995). The approximation
of v by D is then formulated as an optimization problem:

arg min
x; e;b
kTðv;bÞ � Dx� ek2

2; s:t:kxk0 < k1; kek0 < k2; ð1Þ

where T(v,b) is a global transformation operator with parameter b.
It aligns the input shape v to the common canonical space of D. The
key idea of SSC lies in the two conditions of the objective function.
In the first condition, x 2 RK denotes the coefficient/weights of lin-
ear combination. The L0 norm of x ensures that the number of
non-zero elements in x is less than a sparsity number (i.e., k1 or
k2). In other words, only a sparse set of shape instances can be used
to approximate the input shape, which prevents the overfitting to
errors from missing/misleading appearance cues. In the second con-
dition, e 2 RDN is a vector that models the large residual errors. The
sparsity constraint is imposed on e to incorporate the observation
that gross errors might exist but are occasional.

Eq. (1) is known as a NP hard problem owing to the non-convex
L0 norm. L1 norm relaxation (Donoho, 2004) can be employed to
make the problem convex while still preserving the sparsity prop-
erty. The optimization problem is then transformed to Eq. (2)

arg min
x;e;b

kTðv;bÞ � Dx� ek2
2 þ k1kxk1 þ k2kek1; ð2Þ

Eq. (2) is minimized using a alternating minimization scheme.
In first step, the transformation parameter b is estimated using
Procrustes analysis. In second step, with a fixed b, Eq. (2) becomes
a typical linear inverse problem, which can be solved by a typical
convex solver, such as the interior-point convex optimization sol-
ver (Nesterov and Nemirovsky, 1994; Grant and Boyd, 2008). These
two steps are iteratively performed until x,e and b converge.

3.3. Computational complexity analysis

By optimizing Eq. (2), shape priors are in fact incorporated on-
the-fly through shape composition. Compared to traditional statis-
tical shape models, e.g., active shape model, SSC is able to remove
gross errors from local appearance cues and preserve shape details
even if they are not statistically significant. However, on the other
hand, the optimization of Eq. (2) increases the computational cost,
which limits the run-time efficiency of the sparse shape composi-
tion. From the definition of the objective function, the computa-
tional cost is determined by the size of the shape repository
matrix D 2 RDN�K . More specifically, the computational complexity
of the interior-point convex optimization solver is OðN2KÞ per iter-
ation (Nesterov and Nemirovsky, 1994), which means the compu-
tational cost will increase quickly with the increase of (1) K,
number of the shape instances in the shape repository; and (2)
N, number of vertices of a shape. Note that OðN2KÞ is the computa-
tional complexity for one iteration. Empirically, with larger K and
N, it usually takes more iterations to converge, which further de-
creases the algorithm speed.

Accordingly, the run-time efficiency of SSC will be particularly
low in two scenarios. First, in some applications, e.g., 2D lung local-
ization in X-ray images, a large amount of training shapes (a large
K) are available due to the relatively lower cost of manual/semi-
automatic annotations. Second, a large number of vertices (a large
N), are necessary to describe shape details. This is usually the case
in 3D segmentation problem. Therefore, a straightforward integra-
tion of SSC with a deformable model might have a very low seg-
mentation speed, which is not clinically accepted. To alleviate
this problem, we design two strategies as detailed next.

3.4. Dictionary learning for compact shape representations

Algorithm 1. The framework of the OMP algorithm.

Input: Dictionary D 2 Rn�k, input data yi 2 Rn.
Output: coefficients xi 2 Rk.
C = ;.
repeat

Select the atom which most reduces the objective

arg min
j

min
x0
jyi � DC[fjgx0j22

� �
ð3Þ

Update the active set: C C [ {j}.
Update the residual using orthogonal projection

r  I � DC DT
CDC

� ��1
DT

C

� �
yi ð4Þ

where r is the residual and I is the identity matrix.
Update the coefficients

xC ¼ DT
CDC

� ��1
DT

Cyi ð5Þ

until Stop criteria
Algorithm 2. The framework of the K-SVD algorithm.

Input: dictionary D 2 Rn�k, input data yi 2 Rn and coefficients
xi 2 Rk.

Output: D and X.
repeat

Sparse coding:
use OMP to compute coefficient xi for each signal yi, to
minimize

min
xi

kyi � Dxik2
2

n o
subject to kxik0 6 L ð6Þ

Codebook update:
for i = 1, 2, . . ., k, update each column di in D and also xi

Tðith
row)

Find the group using di xi
T – 0

� 	
, denoted as xi

Compute error matrix Ei as in Eq. (10)
Restrict Ei by choosing columns corresponding to xi.

The resized error is denoted as ER
i

Apply SVD and obtain

ER
i ¼ URVT ð7Þ

Update di as the first column of U. Update non-zero
elements in xi

T as the first column of V multiplied by R(1,1)

until Stop criterions
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Assume K is the number of training samples, the computational
complexity of the sparse optimization for each iteration is compa-

rable to the cost of solving a least-squares problem (i.e., OðN2KÞ),
when using interior-point methods (Nesterov and Nemirovsky,
1994). One factor that affects the run-time efficiency is K, the num-
ber of shape instances in matrix D. In many applications of medical
image analysis, the number of training data is usually limited
(�100) due to the high cost of manual annotations. In such cases,
we can simply include all samples in the matrix D, since Eq. (2)
can be still efficiently solved. However, in some other applications,
e.g., lung localization in chest X-ray images, one can potentially get
thousands of training data using some semi-automatic tools. In this
scenario, including all shape instances in D will dramatically de-
crease the algorithm speed.

In fact, owing to the similar shape characteristics across the
population, these thousands of shape instances usually contain sig-
nificant redundant information. Instead of including all of them, D
should be a shape ‘‘dictionary’’ with a significantly more compact
size. However, compact size is not the only requirement of the
shape dictionary. Since sparse shape composition is our ultimate
goal (see Eq. (2)), this shape dictionary should also have the sparse
representation capability, i.e., any shape in the population can be
approximated by a sparse set of elements in the dictionary. To
learn such a shape dictionary, we employ a recently proposed algo-
rithm K-SVD (Aharon et al., 2006).

Mathematically, K-SVD aims to optimize the following objective
function with respect to dictionary D and coefficient X:

arg min
D;X

kY � DXk2
2

n o
ð8Þ

s:t: 8i; kxik0 6 L ð9Þ

where matrix Y 2 Rn�K represents the complete dataset (all training
shapes in our case), D 2 Rn�k(k� K) is the unknown overcomplete
dictionary, matrix X contains the sparse coefficients. Denote yi as
the ith column of Y, xi as the ith column of X, then yi and xi are
the ith shape vector and coefficient vector, respectively, with
dimensionality, yi 2 Rn and xi 2 Rk. This equation contains two
important properties of the learned dictionary D. First, k� K indi-
cates the dictionary has a significantly more compact size. Second,
"i, kxik0 6 L guarantees the sparse representation capability of the
dictionary.

In K-SVD algorithm, Eq. (9) is optimized by two alternative
steps, sparse coding and codebook update. Sparse coding is a gree-
dy method which can approximate an input data by finding a
sparse set of elements from the codebook. Codebook update is used
to generate a better dictionary given sparse coding results. These
two steps are alternately performed until convergence.

Sparse coding stage: K-SVD algorithm starts from a random D
and X and the sparse coding stage uses pursuit algorithms to find
the sparse coefficient xi for each signal yi. OMP (Chen et al.,
1896) is employed in this stage. OMP is an iterative greedy algo-
rithm that selects at each step the dictionary element that best cor-
relates with the residual part of the signal. Then it produces a new
approximation by projecting the signal onto those elements al-
ready selected (Tropp, 2004). The pseudo-codes of OMP is listed
in Algorithm 1.

Codebook update stage: In the codebook update stage K-SVD
aims to update D and X iteratively. In each iteration D and X are
fixed except only one column di and the coefficients corresponding
to di (ith row in X), denoted as xi

T . Eq. (8) can be rewritten as

Y �
Xk

j¼1

djx
j
T














2

F

¼ Y �
X
j–i

djx
j
T

 !
� dixi

T














2

F

ð10Þ

¼ Ei � dixi
T



 

2

F
ð11Þ
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We need to minimize the difference between Ei and dixi
T with

fixed Ei, by finding alternative di and xi
T . Since SVD finds the closest

rank-1 matrix that approximates Ei, it can be used to minimize Eq.
(10). Assume Ei = URVT, di is updated as the first column of U, which
is the eigenvector corresponding to the largest eigenvalue. xi

T is up-
dated as the first column of V multiplied by R(1,1). The updated xi

T

may not always guarantee sparsity. A simple but effective solution
is to discard the zero entries corresponding to the old xi

T . The detail
algorithms of K-SVD are listed in the Algorithm 2.

The learned dictionary D will be used in Eq. (2) at run-time. It is
worth noting that an element in D might not be the same as any
shape instances in the training set. In other words, the learned
shape dictionary consists of virtual shape instances which might
not exist in the real world. However, these virtual shapes do have
sparse composition capabilities with a significantly more compact
size, which can highly improve the run-time efficiency of our
sparse shape composition.

Fig. 2 shows an illustration of dictionary learning for 2D lung
shapes. A compact dictionary is generated from input samples,
such that each input sample can be approximately represented
as a sparse linear combination of dictionary elements. This com-
pact dictionary is used as data matrix D for our model.

3.5. Mesh partition for local sparse shape composition

Recall the computational complexity of the solver OðN2KÞ. In
practice, many 3D deformable models include many thousands of
vertices (i.e., large N) to give an accurate description of organ
shapes. The optimization of Eq. (2) thus has high computational
complexity. If the whole surface can be divided into p partitions
with about N

p vertices in each partition, the computational com-

plexity is decreased to only O N
p

� �2
K

� �
for each partition, which

is 1
p2 of the original one.
Our sparse shape composition method inherently supports the

partition of surface by estimating a sparse linear combination from
an incomplete input. Assume vsub = Sv is a subset of all vertices in
shape v, where S is a binary diagonal matrix which indicates if the
ith vertex is in the subset (Sii = 1). Eq. (1) can then be naturally ex-
tended as:

arg min
x;e;b

kTðvsub; bÞ � SDx� Sek2
2; s:t:kxk0 < k1; kek0 < k2 ð12Þ

Eq. (12) can be solved using the same L1 norm relaxation and alter-
nating optimization. The only difference is that the optimized x will
be finally applied on the full space of D, such that the entire input
shape is refined.

The remaining problem is to divide the surface efficiently. In
this study, affinity propagation clustering (Frey and Dueck, 2007)
is employed to divide the model shape into multiple partitions.
Affinity propagation is a general clustering method, which only re-
quires the definition of similarity/affinity between data pairs (ver-
tices pairs in our study). During the clustering process, two types of
messages derived from the affinity definition are exchanged be-
tween data points (vertices in our study). (1) ‘‘Responsibility’’ is
sent from data points to exemplar candidates. It measures how
well-suited a point is to serve as the exemplar for another. (2)
‘‘Availability’’ is sent from exemplar candidates to data points,
which reflects how appropriate it would be for a point to choose
another one as its exemplar. Messages are iteratively exchanged
until a high-quality set of exemplars and corresponding clusters
gradually emerges. It is worth noting that affinity propagation does
not require a pre-specific cluster number. Instead, the number of
cluster is determined by the definition of affinity between data
points.
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Dictionary size = 128 #Coefficients = 800 #Input samples = 800

Fig. 2. An illustration of dictionary learning for 2D lung shapes. The input data contains 800 training samples, and a size 128 compact dictionary is generated. Each input
shape can be approximately represented as a sparse linear combination of dictionary elements. Note that dictionary elements are ‘‘virtual shapes’’, which are not the same as
any input shape but can generalize them well.
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The similarity used in the affinity propagation is defined as the
combination of the image similarity and geodesic distances be-
tween vertices (Zhan et al., 2009):
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j .
In Eq. (13), the first term ensures vertices of the same cluster/

sub-surface are spatially continuous. The second term is designed
to group vertices with similar image appearance into the same
cluster. These two terms are balanced by parameter a, which is
set as 0.2 in this study. Note that the affinity propagation only
needs to perform once for the model shape, since one-to-one cor-
respondences have already been constructed among all shapes.

It is worth noting that there are two additional benefits of par-
titioning the entire surface in our deformable segmentation frame-
work. First, since organ boundaries may have heterogeneous
appearance, as shown in Fig. 3, the partitioning of surface also
facilitates the training of local boundary detectors, which only deal
with training samples with less feature variations. Second, since lo-
cal shape statistics often lie in a more compact space than global
ones, shape priors built on sub-surface are expected to improve
the performance of shape modeling as well.
Lung Heart

Rib

Colon

Abdomen

Fig. 3. An example of liver boundaries from CT images. It includes boundaries
between liver and rib, lung, heart, abdomen and colon that show heterogeneous
appearance in local shapes.
In our implementation, each divided partition is further ‘‘di-
lated’’ for several levels to produce overlaps with neighboring par-
titions. Finally, partitions are converted to a set of indication
matrices S1, S2, . . ., Sp used in Eq. (12). The optimization problem
defined on the entire surface is thus decomposed into a set of
sub-problems. Each partition is refined independently but the re-
fined partitions are averaged in these overlapping regions to guar-
antee the smoothness of the entire surface.

The merit of Eq. (12) is actually beyond the support of surface
partition. One extreme situation of Eq. (12) is that S becomes very
sparse and only includes a few vertices (usually with the most dis-
tinctive appearance/geometry characteristics). In this situation, Eq.
(12) is equivalent to the shape inference method, which is the first
step of our runtime segmentation system. Again, by incorporating
shape priors with the assumption of ‘‘sparse gross errors’’, our ini-
tialization method becomes robust to erroneous landmark detec-
tions due to severe diseases or imaging artifacts.

In addition, Eq. (12) also supports multi-resolution/hierarchical
scheme, which has been widely employed to improve the effi-
ciency and robustness of deformable segmentation (Langs et al.,
2010). In our implementation, only a small set of sparsely distrib-
uted vertices are used as driving vertices to estimate a rough seg-
mentation of the initial stages. As the iterations increase, more and
more vertices join the driving set to gradually reach accurate
segmentation.
4. Experiments

In this section, we evaluate the proposed method in three appli-
cations. (1) To locate the right lung, we use landmark detector to
find several anatomical points, and then infer a shape to fit these
points. Since there are around 1000 data with lung shape delin-
eated, we use dictionary learning to generate a compact dictionary.
Note that this localization corresponds to the model initialization
in our segmentation framework (Fig. 1). (2) To segment the liver
in whole body CT, we use a similar scheme as the lung application,
i.e., initialization using landmark detection and shape inference,
and then segment it using deformable models. Since the mesh
has thousands of vertices, we use a mesh partitioning algorithm
to obtain multiple local shapes, which significantly improves the
computational efficiency. (3) We also segment rat cerebellum
using shape priors and deformable models. The prior module is
able to preserve shape details.

4.1. 2D lung localization using dictionary learning

In this experiment we aim to roughly locate the right lung from
chest X-ray, using landmark detections and sparse dictionary
learning. Radiography (X-ray) is widely used for screening because
of the fast imaging speed, low cost and low radiations. Various



(a) Input (b) 800 (c) 256 (d) 128 (e) 64 (f) 32 (g) 16

Fig. 4. Comparison of sparse shape composition using different dictionaries. (a) is the detected landmarks. (b) is the shape inference result of using all training data. (c)–(g)
are results of using different sizes of dictionaries learned from K-SVD.

(a) Input (b) 800 (c) 256 (d) 128 (e) 64 (f) 32 (g)16

Fig. 5. Comparison of sparse shape composition using different dictionaries. The same setting is used as in Fig. 4.
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studies have been conducted for the automatic detection of pathol-
ogies, including abnormal cardiac sizes, pneumonia shadow and
mass lesions by analyzing X-ray images. As a common first step
of these algorithms, lungs need to be automatically localized in a
robust and efficient way.

Our experiment dataset includes 1037 scans generated by dif-
ferent X-ray machines, e.g.,Siemens FD-X, GE Revolution XRd and
Canon Axiom-Muttix, etc., with resolution from 0.143 mm to
0.195 mm. The ground truths are binary masks of manual segmen-
tation results, labeled by a clinical expert. From the binary masks,
Fig. 6. Comparisons of the localization results. From left to right: manual label, detec
dictionary. Due to the erroneous detection (marked by the red box), PCA result moves to t
interpretation of the references to colour in this figure legend, the reader is referred to
2D contours can be easily extracted. We then manually select six
specific landmarks (e.g., lung apex, lung lateral tips and hepatic
dome) on the contour as the anatomical landmarks for training
purpose. After that, a fixed amount of points between two neigh-
boring landmarks are evenly and automatically interpolated along
the contour. Thus, a one-to-one correspondence is obtained for
all landmarks and shapes. When a new image is presented, we
first detect the anatomical landmarks (which may contain errors),
and then use shape priors to infer a shape from these detected
landmarks.
tion results, ASM’s shape prior, the proposed shape prior method with a learned
he right and is not on the boundary (see the red arrow). Zoom in for better view. (For
the web version of this article.)
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Fig. 7. Quantitative comparison of the mean values (black square) and the standard deviations (the lengths of the lines) in terms of sensitivity, specificity, and dice similarity
coefficient (DSC). From left to right: baseline method using Procrustes analysis (mean shape only), sparse shape composition using all data, or using dictionaries with size 256,
128, 64, 32, 16, respectively.
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Among all data, 800 are used as training, and the remaining 237
are used as testing. Five dictionaries are learned from 800 training
data, whose sizes are 256, 128, 64, 32, 16, respectively. We com-
pare the performance of sparse shape composition using either
these dictionaries or using all data. Figs. 4 and 5 show two visual
comparisons of shape inference results. It is worth noting that
using compact dictionary sometimes achieves better results than
using all data. The reason is that K-SVD not only generalizes the
training data, but also removes noise when computing the compact
dictionary. When the dictionary size is smaller than a threshold (16
in our experiment), however, its performance drops quickly. Thus a
certain number of elements is still necessary for a meaningful dic-
tionary. Fig. 6 compares the proposed method with the traditional
PCA-based shape prior method, which has been widely used in
ASM and its variations. Due to the erroneous detection (marked
by the red box in Fig. 6), the PCA result shifts to the right and is
not on the boundary (see the red arrow). Our method is more ro-
bust to detection outliers and thus generates a more accurate
result.

Fig. 7 shows quantitative comparisons of the proposed method.
The mean values and the standard deviations of sensitivity, speci-
ficity, and dice similarity coefficient (DSC) are reported. We choose
Procrustes analysis (Goodall, 1991) as the baseline method, which
fits the mean shape to detected landmarks using the similarity
transformation found by minimizing least square errors. We also
compare the performance of sparse shape composition using all
training data (Zhang et al., 2012), or using compact dictionaries
with sizes 256, 128, 64, 32 and 16. The results are consistent with
the visual comparison in Figs. 4 and 5, i.e., compact dictionaries can
achieve comparable or even better performance as using all data,
when the dictionary size is larger than a threshold. When only
few instances are used as the dictionary, it actually degenerates
to the simplest case, i.e., only using mean shape as the Procrustes
analysis. Thus the performance of dictionary with size 16 achieves
similar performance as Procrustes method.

Another significant benefit of using compact dictionary is the
computational efficiency. The experiments of computational time
are performed on a PC with 2.4 GHz Intel Quad CPU, 8 GB memory,
with Python 2.5 and C++ implementations. CVX (Grant and Boyd,
Table 1
Comparison of computational efficiency of using sparse shape composition with all
data or with compact dictionaries. We also list the running of time of Procrustes
analysis (PA) for reference.

All data Dict (256) Dict (128) Dict (64) Dict (32) Dict (16) PA

31.7 s 6.8 s 4.3 s 2.1 s 0.5 s 0.1 s 0.07 s
2008) is employed to solve convex functions. Table 1 shows the
computational time of the compared methods. The traditional
SSC cannot handle a large number of training data. It takes more
than half a minute to infer a shape when using all 800 training
data. This is not fast enough for real world applications since
CAD program usually needs very efficient localization process.
Using compact dictionary significantly decreases the computa-
tional time of shape inference to less than one second without ad-
versely affect the accuracy. Thus, this proposed dictionary learning
based shape prior can be potentially used in realtime systems.

4.2. 3D liver segmentation using mesh partitioning

To evaluate the mesh partitioning based shape priors, we use
3D low-dose CT data from PET-CT. CT images in PET-CT scans usu-
ally have low contrast and fuzzy boundaries between organs since
PET-CT uses low dose and has large slice thickness in order to de-
crease radiations to patients. Thus, it is more challenging to accu-
rately segment organs in whole body PET-CT compared to using
the traditional CT.

Our experiment dataset includes 67 CT datasets from different
Siemens scanner (SOMATOM Emotion Duo and Sensation 16).
The inslice resolution ranges from 0.97 mm to 1.36 mm and the
slice thickness is inbetween 3.37 and 5 mm. The 3D ground truth
of all data are provided by clinical experts using itk-SNAP.1 Fourty
out of 67 CT scans are used to train the landmark detectors and con-
struct the shape repository D. The other 27 are left for testing.

In the training stage, to obtain the one-to-one correspondence
for vertices among all shapes, we use adaptive-focus deformable
model (AFDM) (Shen and Davatzikos, 2000) to register a reference
shape to all the others. Thus all registered shapes share the same
topology and connectivity. Each shape has 1096 vertices and
2088 triangles. Twenty vertices which are critical anatomical land-
marks or have discriminative appearance features are selected as
landmarks for model initialization, since they are relatively easy
to detect using our landmark detectors.

Since sparse shape composition is not efficient to deal with a
large number of vertices, we evenly select a subset of vertices for
Sparse Shape Composition for acceleration purpose, in a multi-
resolution scheme. However, this approach ignores much informa-
tion since only a part of the shape is considered. Instead of using a
subset, we use mesh partitioning to generate local shape partitions,
and then apply Sparse Shape Composition on these local shapes.
This approach not only improves the computational efficiency,
but also models well the local shape statistics. Fig. 8 shows an
example of a partition result on the liver data.
1 http://www.itksnap.org/pmwiki/pmwiki.php.

http://www.itksnap.org/pmwiki/pmwiki.php


Fig. 8. Mesh partitioning using affinity propagation. This local shape setting can learn detail information better, and is more efficient for the optimization solver.
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Four methods (including the proposed one) are compared:

1. The baseline is a learning based deformable model with Pro-
crustes analysis as the shape prior, which finds a similarity
transformation to fit a mean shape to detected landmarks.

2. The hierarchical clustering and learning based deformable
model with PCA shape priors (Zhan et al., 2009). In the same
way as the widely used ASM, PCA is applied to learn shape
statistics and then refine the intermediate shape result.

3. The traditional SSC based shape prior, which is applied on
the whole shapes (Zhang et al., 2012). The disadvantage is
that the shape contains thousands of vertices and thus the
optimization is slow.

4. The proposed method, i.e. the mesh partitioning based SSC. It
not only models local shape priors, but also improves the
computational efficiency. The surface mesh is divided into
30 regions as shown in Fig. 8.
Fig. 9. Initialization results (1st row) and deformation results (2nd row) from the corres
our proposed method (2nd column). The rightmost figure is the ground truth. Procruste
breath (see the marked arrow).
Note that the same landmark/boundary detectors and deforma-
tion strategy are used in all methods for fair comparisons. These
compared methods only differ when shape priors are involved,
i.e., model initialization and model refinement. The reason to com-
pare with (2) and (3) is that they achieve state-of-the-art quality in
this application. We aim to improve the accuracy by modeling local
shape priors and also accelerate the shape prior procedure.

Fig. 9 compares the landmark detection based initializations.
These cases are challenging since the landmark detector may easily
fail to locate correct positions due to the low image contrast and the
breathing artifacts, at the boundary between the lung and the liver.
SSC based prior is less sensitive to such errors. Thus its initialization
result is already very close to the object boundary, which also ben-
efits the deformation performance. Fig. 10 compares the refinement
methods which apply shape priors on intermediate results. Since
this shape refinement is just a regularization step without consider-
ing any image information, the refined shape may not be exactly on
ponding initialization. Compared methods are Procrustes analysis (1st column) and
s analysis incorrectly includes part of the lung because of the artifacts inducing by



Fig. 10. The refinement results. From left to right: PCA results, the proposed method, the ground truth. PCA method incorrectly includes a large part of the kidney.

Table 2
Quantitative comparisons of the mean values and standard deviations of the distances
(voxel) between surfaces. The 1st column compares initialization results. The baseline
method is the deformable model with procrustes analysis as shape priors. The hier-
archical model (Zhan et al., 2009) is based on clustering, learning, and PCA shape priors.
The other two methods use the same deformation scheme but with SSC as the shape
prior, which is applied on the whole shape (Zhang et al., 2012) or on shape partitions
(the proposed method). Bold values mean the best performance in that column.

Method Fig. 9(Init) Fig. 10 All data

Baseline method 2.26 ± 1.72 3.67 ± 3.34 3.96 ± 3.21
Hierarchical model 2.26 ± 1.72 1.81 ± 2.10 2.16 ± 1.68
SSC on the whole shape 1.31 ± 0.95 1.37 ± 0.96 1.25 ± 0.92
SSC with mesh partition 1.31 ± 0.95 1.10 ± 0.87 1.13 ± 0.83
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the image boundary. It still requires several iterations of deforma-
tion to reach the correct boundary. The method in Zhan et al.
(2009) uses PCA based shape prior, which incorrectly includes a
large part of the kidney. Our segmentation method with SSC prior
is more specific to this image and is more accurate.

To quantitatively evaluate the 3D segmentation accuracy, we
report the mean value and standard deviation of the distances be-
tween shape surfaces in Table 2. The reason of not using the same
measurements as in the 2D application (i.e., sensitivity, specificity,
and DSC) is that the values of these measurements are always very
high in 3D cases, since the 3D segmentation results usually have
very large overlap with the ground truth in volume space. Thus,
they are not adapted for the comparison of different methods
and show the improvements using these measurements. Instead,
the distances between shape surfaces are chosen to show the
quantitative results, which have been widely used in 3D segmenta-
tion tasks. Our proposed framework achieves the best perfor-
mance. The standard deviations in Table 2 show that our method
also achieves the best stability. Sparse prior with mesh partitioning
is slightly better than the same prior with whole shape since local
shape priors are better modeled. Note that the initialization step is
the same for both settings, i.e., using multi-resolution scheme.

To further evaluate the benefit of mesh partitioning, we also
compare the running time. The shape refinement step takes several
minutes when applied to the whole surface directly. Again, it is not
fast enough for real world applications. The mesh partitioning
based shape prior significantly improves the efficiency. It only
takes 2–3 s to refine each shape. The whole segmentation system
takes around 10–20 s (a Python implementation on a PC with
2.4 GHz Intel Quad CPU, without any code optimizations) to seg-
ment the liver in a 512 � 512 � 300 CT volume.

4.3. Rat cerebellum segmentation

In this study, we use sparse shape composition and deformable
models to segment 3D rat cerebellum in MR microscopy images.
MRI at a spatial resolution of at least 100um in one dimension is
frequently referred to as magnetic resonance microscopy (MRM)
and is currently available with the use of high magnetic field
images. This technical achievement has permitted the detailed
anatomical study of the rat brain, which is much smaller than
the human brain (2.8 cm3 rat brain volume vs. 1500 cm3 human
brain volume), and requires a small voxel size (0.001 mm3 for rat
vs. 1 mm3 for human brain), in order to be imaged. Rats are often
used as models of human disease not only because they frequently
exhibit key features of abnormal neurological conditions but also
because they are a convenient starting point for novel studies.
The analysis of rat brain image faces similar challenges to human
imaging, with individual variation in size, morphology, and topol-
ogy of the brain structures complicating the neuroanatomical stud-
ies. Such analysis is frequently performed by segmenting the
regions of interest (ROI) in rat brain images. Thus, automatic 3D
segmentation is important for clinical analysis.

In our experiments, 58 datasets are used. To obtain the data, the
adult male Sprague–Dawley rats were transcardially perfused with
4% paraformaldehyde. Their heads were stored in paraformalde-
hyde, and then scanned for magnetic resonance microscopy
(MRM). To avoid tissue and shape distortions during brain extrac-
tion, the brains remained in the heads during scanning. The heads
were scanned on a 21.1T Bruker Biospin Avance scanner (Bruker
Biospin Corporation, Massachusetts, USA), and the protocol con-
sisted of a 3D T2-weighted scan with echo-time (TE) 7.5 ms, repeti-
tion time (TR) 150 ms, 27.7 kHz bandwidth, field of view (FOV) of
3.4 � 3.2 � 3.0 mm, and voxel size 0.08 mm, isotropic. 3D annota-
tion is manually performed on all 58 data by clinical experts. Fourty
are used as training data, and the remaining 18 are used as testing.

We focus on the 3D segmentation of the cerebellum (Fig. 11).
The challenge of this segmentation task is twofold. (1) The image
information is sometimes incomplete or misleading. For example,
the cerebellum contains interleaving textures. These textures are
complex and there are high gradient values inside of the cerebel-
lum region, which adversely affect the deformation module. (2) It
is important to discover and/or preserve some complex local shape
details, such as the paraflocculi (two protruding features of the cer-
ebellum), which are tend to be falsely ‘‘smoothed out’’ by tradi-
tional shape prior modeling. Thus we need effective shape priors
and deformable models to segment it. We show that this shape
prior can robustly segment the rat cerebellum, and also preserve
shape details during deformable segmentation.

The visual comparison of the segmentation results is shown in
Fig. 11. We compared with a recently proposed deformable model
based method, 3D Metamorphs (Huang and Metaxas, 2008, 2011),
which uses a regular shape smoothness constraint. With this
constraint, the protruding parts are shrunk, and the whole shape
is attracted by the high internal gradient. Most regions are un-
der-segmented. To quantitatively evaluate the accuracy of this



Fig. 11. Segmentation results of the rat cerebellum. The first row is from the proposed method. The second row is from the same framework but without shape prior
constraint. The rightmost figure is one slice of the MR image with cerebellum highlighted.
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3D segmentation task, we use the same measurement as in Section
4.2, i.e., the mean value and standard deviation of the distances be-
tween shape surfaces. The error of using regular shape smoothness
constraint is 5.86 ± 3.68 voxels. These problems are well tackled by
the proposed method. The protruding parts are well preserved, and
the global shape are properly constrained. It achieves better seg-
mentation results, with error 1.31 ± 0.91 voxels.

5. Conclusions

In this paper, we proposed a robust and efficient deformable
segmentation framework based on our previous work Sparse Shape
Composition (SSC) (Zhang et al., 2012). Contrary to traditional
shape models, SSC incorporates shape priors on-the-fly through
sparse shape composition. It is able to handle gross errors, to mod-
el complex shape variations and to preserve shape details in a uni-
fied framework. Owing to the high computational cost of standard
SSC, a straightforward integration might has low runtime effi-
ciency, which impedes the segmentation system being clinically
accepted. Therefore, we designed two strategies to improve the
computational efficiency of the sparse shape composition. First,
given a large number of training shape instances, K-SVD is used
to learn a much more compact but still informative shape dictio-
nary. Second, if shape instances have a large number of vertices,
affinity propagation method is used to partition the surface into
small sub-regions, on which the sparse shape composition is per-
formed locally. Both strategies dramatically decrease the scale of
the sparse optimization problem. An efficient deformable segmen-
tation system that is robust to weak/misleading appearance cures
is thereby realized.

We validate these two newly-proposed modules with three
very diverse medical applications, 2D lung localization in X-ray,
3D liver segmentation in PET-CT, and 3D Rat Cerebellum Segmen-
tation in MRM. The experimental results are promising and show
the following facts:

1. Sparse shape composition is able to effectively model shape
priors. Our segmentation system based this shape prior
achieves better performance than several newly proposed
segmentation systems (Shen et al., 2011; Zhan et al., 2009)
which use the smoothness shape prior, Procrustes analysis,
and PCA based shape prior.
2. When the number of training data is very large (e.g., thou-
sands), it is infeasible to simply stack all shapes into the
data matrix since sparse shape composition could not handle
them efficiently. In this case, dictionary learning technique is
employed to learn a compact dictionary, whose size is much
smaller than the whole dataset. This compact dictionary
highly improves the computational efficiency without sacri-
ficing segmentation accuracy.

3. When the shape data contains thousands of vertices, solving
the convex problem becomes time consuming. Multi-resolu-
tion scheme can decrease the computational time. However,
it also ignores some information since it only uses a subset
of the whole shape. We use mesh partitioning method to
model local shape priors instead of the whole shape. In this
way, we can decrease the running time and effectively model
the local priors as well.

4. This proposed shape prior method is applied to handle prob-
lems related to diverse medical imaging modalities, e.g.,
X-ray, CT and MR. It shows good generality to different imag-
ing modalities and shape dimensions. We expect to apply
this method to more applications in the future.

The proposed method can be further extended in two direc-
tions. First, in practice, training shape instances often do not come
in one batch but gradually. Therefore, online dictionary learning is
worth investigating as we would rather update than re-learn the
dictionary whenever a new training shape becomes available. Sec-
ond, since the scope of shape modeling is beyond localization/seg-
mentation, we plan to apply this proposed method to other
medical applications, and integrate it into other methods, such as
tracking (Zhou et al., 2010) and registration.
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