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Abstract

The planning and evaluation of left atrial ablation procedures are commonly based on the
segmentation of the left atrium, which is a challenging task due to large anatomical variations. In
this paper, we propose an automatic approach for segmenting the left atrium from magnetic
resonance imagery. The segmentation problem is formulated as a problem in variational region
growing. In particular, the method starts locally by searching for a seed region of the left atrium
from an MR slice. A global constraint is imposed by applying a shape prior to the left atrium
represented by Zernike moments. The overall growing process is guided by the robust statistics of
intensities from the seed region along with the shape prior to capture the entire atrial region. The
robustness and accuracy of our approach are demonstrated by experimental results from 64 human
MR images.

Keywords
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|. Introduction

Automatic segmentation of the left atrium (LA) from MR images is a challenging but major
task in medical imaging analysis. An important application is concerned with the treatment
of left atrial fibrillation [1]. Atrial fibrillation is a cardiac arrhythmia characterized by
unsynchronized electrical activity in the atrial chambers of the heart. One of the treatments
for such arrhythmia is the catheter ablation, which targets specific parts of the LA for radio-
frequency ablation using an intracardiac catheter [2]. Application of radio-frequency energy
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to the cardiac tissue causes thermal injury, which in turn results into scar tissue. Successful
ablation can eliminate, or isolate, the problematic sources of electrical activity and
effectively cure atrial fibrillation. In order to perform such ablation, the extraction of the LA
from the late gadolinium enhancement MR (LGE-MR) images is required and is often
performed manually, which is a very time-consuming task. On the other hand, automatic LA
segmentation is attractive but challenging due to the following factors: 1) the LA size is
relatively small as compared to the left ventricle (LV) or lungs in cardiac MR images; 2)
boundaries are not clearly defined when the blood pool goes into the pulmonary veins from
the LA; 3) the shape variability of the LA is large across subjects.

A. Related Work

In the literature, heart segmentation has been investigated for decades, of which the main
focus has been on extracting the ventricles [3], [4]. Advances have been made in whole heart
segmentation from CT and MR images [5]-[8]. Heart models are used in many of the state-
of-the-art methods for segmentation. In general, the anatomical structure of heart is modeled
either by a triangulated surface or labeled images. A cost functional is commonly defined
driven by the model parameters and image content. Once the model is globally localized, the
cost function is optimized by deforming the model to match image information. These
methods achieve high overall accuracy since the whole heart is modeled so that the
components with strong features, e.g., the LV, help to reduce possible mis-alignments.

However, there has not been as much work reported for the automatic segmentation of the
LA from MR images. Some nice research aimed at LA segmentation was focused on MR
Angiography (MRA) data [9]-[11], where the LA blood pool is highlighted. The geometric
characteristics of the heart chambers are used [9], [10] to identify the LA on the blood pool
surface using a divide-and-merge strategy. In particular, the surface is decomposed into
different subdivisions based on the observation that neighboring heart chambers can be
separated by cutting the locations where the blood pool narrows. The challenges these
surface-decomposition-based techniques face include the wide variability of intensity
distributions and of the anatomic structures of the LA across subjects. To capture a patient
specific LA from C-arm CT images, the LA chamber and pulmonary veins are modeled
separately as parts of an LA model [12].

In contrast to surface-based modeling, atlas-based methods consider the LA segmentation
from another perspective by using transformations found after registering training images to
a target image to align the labels of the training images for segmentation. Different
strategies, e.g., weighted voting [11], are used to build a consistent solution for final
segmentation. The initial registered atlases can also be refined by using a region-based
active contor model [13]. Another common way of representing an anatomical surface is by
learning a subspace of the shapes using the principal component analysis (PCA) technique.
In [14], the shape space of the LA is defined as a linear combination of eigen-shapes
returned by applying the PCA to labeled training images. Then, segmentation is
accomplished via evolving active contors in the shape space.

One common feature shared with most of the methods described so far is that they start with
some global localization and then capture local details. This strategy works well when
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global features of a given object are well-defined, but may not hold for small structures such
as the LA in an MR image, since the contribution to a cost functional may be overwhelmed
by large structures such as the LV or strong artifacts associated with image quality. Instead
of starting globally, region growing provides another perspective to the problem that begins
locally to capture the entire target. This local property makes it more adaptive to variations
of the dataset. In region-growing approaches [15], starting from seed regions, voxels
neighboring to a given voxel are merged according to an aggregation criterion. Image
intensity homogeneity is a widely used criterion in a growing process. For example, the
statistics of intensities in a region are used to evaluate the homogeneity for region growing
[16], [17]. The preliminary results reported in [18] shows promising results of segmenting
the LA using the region-growing-based framework. Shape priors can be naturally
incorporated into a growing process to segment complex objects. Typically, these priors are
defined as some distance between reference and observed shapes. A point-wise metric such
as the signed distance function between two shapes may be utilized with the prior
information [19], [20]. To this end, the reference shape needs to be aligned to the observed
shape before computing the shape distance. A more abstract way of defining shape distance
employs shape moments, which removes the requirement of aligning shapes for the distance
computation. Legender moments has been proposed to represent a shape prior for 2D images
[21]. The results in [22] demonstrate the advantages of using the Zernike moments [23] in
2D image recognition over other moments-based priors in terms of accuracy and robustness.
The generalization to the 3D case was reported in [24], which has been applied to 3D shape
retrieval [25].

The purpose of this work is to develop an automatic segmentation technique that is robust to
the large variability of the LA datasets. To this end, a variational region-growing framework
was adopted which starts locally by searching for a seed region of the LA from a slice of an
MR image. To prevent leakage in the growing process, a shape prior represented by the
Zernike moments is employed. The overall process is fully automatic and easy to
implement.

B. Contributions

The main contributions of the present work are as follows:

1. Inseed region extraction, we present an effective way to locate the LA that is not
sensitive to changes of volume coverage, intensity distribution, and atrial shapes.

2. We formulate the problem of LA segmentation in a variational region-growing
framework, incorporating a shape prior that is invariant to rotation, translation, and
scaling. The advantage of this formulation is that it explicitly separates
segmentation from registration when applying a shape prior, rather than needing to
optimize over additional pose parameters.

3. Instead of fixing the weights while including prior information, the proposed
method adaptively adjusts the weights between the data-driven term and shape
prior constraint. The rationale is that, when the volume of a region is very small,
the data-driven force term plays the main role; as the volume increases, the shape
prior force term gradually dominates the overall process.
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The remainder of this paper is organized as follows. In Section 11, we describe the proposed
region-growing method, and show how to locate a proper seed region and formulate the LA
segmentation problem using a variational framework with a shape prior. In Section I11, we
provide some experimental results elucidating the proposed methodology. Finally, in
Section IV, we draw some conclusions and outline some future research directions.

Il. Proposed Method

The proposed method consists of two key steps: (1) search for a seed region of the LA from
an MR slice in the axial view. (2) explore the LA region using a variational region-growing
process. A shape prior is employed to drive the growing process towards atrium-like shapes.

A. Seed Region Extraction

In region growing, it is common to initialize the seed region close to the center of the target
to be segmented. Suppose an MR image is oriented along the axial plane. Then, as shown in
Figure 1, two features may be utilized to facilitate this task: i) partial boundaries exist that
distinguish the LA from other heart chambers, e.g., the mitral valve (MV) between the LV
and LA (Figure 1 (b), (c), and (e)); ii) the spatial relation between the LV and LA in the
axial view may imply how close a slice is to the center of mass of the LA, which we call the
“centrality” of a slice with respect to the center of mass of the LA (see Figure 1 (d)~(f)).

Suppose the world coordinates XYZ trace from right to left, posterior to anterior, and
inferior to superior, in which the origin of XY plane is defined as the bottom left of a slice.
Denote the LA and LV regions extracted from a slice I as I|_a and Iy, respectively. Then,
the centrality of the slice I; is approximated by

=—X"mazxd(p,1,,), (1)

where A(') is the area of a region, and d(p, I_a) is the Euclidean distance from a point p to
ILa. The first part of this equation evaluates the significance of the LV with respect to the
LA, and the second part measures the greatest distance from the LV region to the LA region.
Figure 2 shows the values of g for the three different cardiac MR images in Figure 1 (b)~(d),
where the LV and the LA are completely covered in the Z direction (about 110 mm). This
indicates that a centralized slice has a relatively small g value and the central slices are close
to their middle slices as well. Based on these observations, we propose an effective method
for detecting a seed region inside the LA. It begins from the middle slice Iy p of an MR
image and searches for the seed region in a specific range around Iy;;p (10 mm below and
above) along the Z direction. On each slice, a seed region is detected, which is utilized to
find approximations for the LA and the LV regions to measure the slice centrality g. The
search process stops when termination conditions are satisfied. For MR images with wider
coverages along the Z direction, g may be utilized as well to find a central slice by changing
the initial search slice accordingly. The overview of the seed detection process is
summarized in Algorithm 1. The key steps are described in the following sections.
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1) Heart Region Detection—To evaluate the centrality g of a slice I, the heart region
that contains the LA and the LV needs to be segmented. As a pre-processing step, the low
intensity background outside of the chest is removed by using the Ostu's method [26], which
automatically determines the best separation of an image histogram. The largest bounding
box of the foreground pixels is set as the region of interest (ROI) for further processing.
Since the heart region has higher intensity values than its surrounding structures (such as the
lungs), a coarse segmentation is first extracted via thresholding, which is then refined by
utilizing a localized region-based active contor model [13], [27] due to the complexity of the
heart region being viewed from an MR slice where global-based segmentation methods [28]
may fail.

The threshold for a coarse segmentation is determined as
Theart=min {Tglobab ﬂocal} s (2)

where Tglobal is the intensity threshold returned by applying the Ostu's method again inside
the ROI and Tlocal is the mean intensity inside the LA mask obtained from training images
(see Section I11-A). This thresholding strategy reduces the possibility of missing the heart
region while only the global threshold Tglobal is used when the liver or thoracic wall has
very high intensities. After applying a morphological opening operator to remove noisy
structures, we get a set of connected components L = {Ly}, k=1, ..., Ngon, Where N¢gp IS
the number of the components. The heart region is chosen as Li* such that

e A (Ly)

= mar ———
0<k<Neond (L, Cpp;)

®

where A(Ly) is the area of component Ly, and d(Lx, Croy) is the Euclidean distance from the
center of component Ly to the center of the ROI, denoted by Crp,. This measurement favors
large regions with small distance to the center of the ROI.

The localized region-based active contor energy functional [13], [27] used for refinement is
defined as

E(¢)=Jq,5(¢(2)) [q,B (z,9) F (I (y),¢(y) dyde+A,; [q,0(¢(2) [V (2)|dz, (@)

where &(-) is the Dirac function, ¢ is the signed distance function of a contor defined over
the image domain Q € R? with positive distances inside and negative distances otherwise.
B(x, y) is a ball of radius R_g centered at x. F(I (y), #(y)) is a generic internal energy
measure used to represent local adherence to a given model at each point along the contor.
In this work, a localized Chan-Vese energy [13], [28] is used. The term weighted by A, g is
a regularization term that measures the arclength of the contor.

2) Seed Region Extraction—Denote the coordinates of a point p in slice I; as (p!, p?).
As illustrated in Figure 1, the LA lies at the central bottom of the heart region. To narrow
down the search space, the seed region is explored within the detected heart region lheart in
the following manner. To begin with, the magnitude of the gradient inside the ROl is
computed, which is then thresholded by using its mean gradient. After that, an edge map
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legge OF this binarized image is obtained by applying a binary thinning operation. Next, a
distance field image lgjst is constructed by performing distance transform [29] on the edge
image. The distance values outside Iheart are set as zero. Finally, the location of a seed
region is detected by searching for a circular region S| a(p*, r) of a fixed radius r centered at
point p* such that

- S gy Laist (P) dA
p = maxr )
PEIncart d (p7 PI‘Ef)

®)

where B(p, r) is a ball of fixed radius r centered at point p, and d(p, Pyef) is the Euclidean

distance from p to a reference point Pes. Denote the set of points inside Ineart @S { (P},p?> }
i=1,..., Ny, where Ny is the cardinality of the set. The components of the reference point

2 .
(Pie £ Pre f) are determined as

1 1
Dy s =mMean \p;
{ f { } ©)

Prep=min {p7} +trey,

where tref is a constant to prevent the center of S ao(p*, r) being attracted to heart boundary.

As can be seen from equ. (6), the reference point actually lies vertically below the center of
Iheart: Which is closer to the LA than to any other structures inside lyeart. The radius of
SLa(p*, 1) is set so that the circular region is completely contained in the LA region, which
is empirically set as r = 10 mm.

Figure 3 illustrates the process of detecting a seed region. Note that, although there does not
exist closed contor that identifies the LA, partial edges, e.g., the mitral valve, were detected.
Thus, a distinct cluster containing the LA was formed on each of the distance maps. Seed
regions were successfully identified using the measurement defined in eq. (5).

3) Slice Centralization—To check whether the current slice I; is approximately
centralized with respect to the LA, the appropriate areas of the LA and LV need to be
determined. To this end, a morphological opening operator is performed on the distance
image lgjs; to isolate the LA region from other structures, which returns a group of
connected regions. The one containing Sy a is selected as the mask of the LA. In this step,
the size of the structure element in the opening operation needs to be smaller than the largest
value of lgjst, denoted by dmay, but large enough to disconnect the LA from other structures.
Thus, this value is empirically set as 0.8dyax-

The determination of the LV region is based on the fact that it resides to the top right of LA
as shown in Figure 1. Thus, the center of a seed region p* is used as a reference origin, with
respect to which to divide the top right quadrant equally into two sections. In each of these
two sections, the closest point between the boundary of Ipeqrt and p* is used as a start/end
point for the LV boundary. Connecting these two points to p* gives a close contor for the
LV region and the points inside 1| 5 are removed to get an approximation of I \,. Figure 4
shows the extracted LV and LA regions for the three slices in Figure 3.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.
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The threshold tq used to guide the centralization process is obtained from training images
(see Section I11-B.1). Once a centralized slice is found, its seed radius is adjusted such that

r* = maxr{lgist(d) > 0, V4 € S ap*n}-

B. Variational Region Growing With a Shape Prior

Given a properly determined seed region, the robust statistics [30] of intensities inside the
region may be employed to explore the entire LA. However, evolution leakage is almost
inevitable because the computation of the statistics does not provide a global shape
constraint on evolving contors. Adding a regularization term can prevent leakage, but may
fail to capture finer details of the LA. Hence, a shape prior is applied to attract the growing
process towards an expected shape. The details of how to integrate this prior information
into the growing process is described in the following sections.

1) Variational Region Growing—The robust statistics have been integrated into a
generic variational region-growing framework for image segmentation [17]. Robust
statistics of intensities are evaluated to measure the homogeneity among neighboring voxels.

To this end, a feature vector is defined for each voxel = (z,¥,2) € R*in an image as
f(x)=(MED (z),IQR(x), MAD (z)) € R®, (7)

where M E D(x), | Q R(x), and M A D(x) are the intensity median, inter-quartile range, and
median absolute deviation around a neighborhood of x, respectively. Denote the label map
of a seed region as G. Then, the seed region is characterized by the probability density
function of the feature vectors as

1

p(f)=|G| Y En(f—f (@),

zeG

where K is the kernel function and |G| is the cardinality of G. A Gaussian kernel is used in
this work, the variance of which is chosen to be h times the MAD of the seed region. The
region-growing energy functional is defined as

Eqs (9)=[q—p(f (@) H (¢ (x))dz, (9)

which evaluates the intensity homogeneity inside a contor where ¢> 0, and H is the
Heaviside function. The value of h controls the intensity homogeneity favored by the
growing process. The larger the value of h is, the more homogeneous regions the growing
process tries to explore. A regularization term is typically used, while applying this energy
for segmentation, to balance the growing force so that the evolution stops at an expected
location.

2) Zernike Moments as Shape Prior—The Zernike moments are many times used as a
shape descriptor because of their invariance to rotation. The 3D Zernike moments of an
object defined by I(x) are
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m 3 n T
AM:E“’ o<1 () 27 (x)dx,  (10)

where Z™ (z) is the complex conjugate of the 3D Zernike functions
(@) =R (7)Y (9,9) . a

Ry is a radial function and y;™ is the spherical harmonics, where n is the degree of

polynomial in the components of £=7" (Sin D cos 1, sind) sin ¢, cos 1;) andm€ [, 1], |
€ [0, n] such that n — | is an even number. Denote the component of a point x as (X, Y, z). As
shown in [25], eq. (10) can be rewritten as a linear combination of geometric moments

3 R
m__ t 2/
M= 2 XaimMests )
r+s+t<n

where "5t is the complex coefficient of the monomial x' ySzt when Z () is expanded as a

linear combination of monomials, and Ms; is the geometric moments of order r + s + t
computed inside a unit ball. A rotationally invariant 3D Zernike descriptor is obtained by

taking the norms of vectors An= (A;ll, /\;ll“, e J\Zz) to get rid of phase terms. The
invariance to translation and scale is achieved by computing the normalized central
moments 7y for an object. The normalized central moments are defined as

Mrst=/ g (I_ yE)T(y_ Z/)S(Z_ z) tH(¢>> de, 13

(PKO) (r+s+t+3)/3

where (X, y, ) is the center of mass of the object, Ko= [, H (¢) da is the volume of the
object, and p is a scale factor so that the object is mapped into a unit ball by ((x -

Q) (Ko) 3, (y — 7)(0Ko)3, (z — 2)I(0Kg)Y3). That is, as in [25], an object is first
transformed to its center of mass and then rescaled into the unit ball before computing the
geometric moments.

The proposed shape prior defined between an evolving shape, implicitly represented by ¢,
and a reference shape in terms of the Zernike moments is

re: re 2 2
J (¢) =d (A, ") =Z<Hz\nz||2—Hf\nzf|| ) )

nl

By using the chain rule, the variational derivative of J(¢) with respect to ¢ is
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6.J re S Anl?
o 2y (nxnlu B
7'5 2 n
= 25 (0wl = INE) S
refn2 — (15)
- 4l(||)\an SINEI) S Re (I

= %E <||)\an2—||)\ref|| ) X Re{A_m 2 anm5¢77rst}
nl —I<m<l

r+s+t<n

where n € [0, Nzm], | € [0, n such that n — | be an even number, which Nz, is the order of
the Zernike moments for a given shape. The variational derivative of 75 with respect to ¢ is
given in the Appendix.

Gradient descent is employed to minimize J(¢). An example of deforming two canonical
geometric shapes, i.e., a sphere and a hyperbola, to minimize the shape distance defined in
eg. (14) is shown in Figure 5. Starting from those two significantly different shapes, the
evolution process deforms these shapes towards an LA shape prior of order 12. This shows
that the Zernike moments are powerful and suitable for representing the LA shapes.

3) Region Growing With a Shape Prior—Combining the region-growing energy eq.
(9) with the shape prior eq. (14), the energy functional to be minimized for the LA
segmentation is defined as

E(@)=f (V) Eps (0) + (1 = [ (Vi) =7) T (8) +7[ a0 (¢ (2)) [V () |d,  (16)

where the term weighted by » is a regularization term that measures the surface area of the
LA. The function f(V;) adjusts the weight between Ers(¢) and J(¢) based on the volume of
the evolving region Vj so that the robust statistic term dominates the growing process
initially and its role decreases as the volume of the region increases. Since a seed radius is
related to the volume of the LA to be segmented, the function f(V;) is defined as

1—7
14e(Vi=(uy+(8oy)))

707 =

» (A7)

where Ly and oy are the mean and standard deviation of the LA volumes from training
images, respectively. gis introduced to reflect the relation between a seed radius and the
volume of the LA to be segmented, which is defined as

r— pir

p=sign (r* — p,) w J , (18)

where |, and oy are the mean and standard deviation of the radii of seed regions learned
from the training images (see Section I11-A). The use of the floor function L-1 gives the
flexibility to radius variation, i.e., for seed regions of radii within a range of oy have the
same impact on . As can be seen from eq. (17), f(Vj) — 1 - ywhenV; < pv and f(Vj) —
0 otherwise as expected.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.
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Starting from a given seed region, which is relatively small as compared to the average LA
size, a small value of h defined in Ers(¢) is preferred so that the growing force is strong
enough to capture the whole LA region. A large h value imposes a high homogeneous
constraint on the overall growing process, which may cause the process to stop before
reaching the LA boundary. We found that h = 0.1 works well in all of our experiments.

Note that Vj = Ko, and thus the gradient descent flow of eq. (16) is

W (@)= —f (Ko)8 (6 (@) Enotf (K0)6 (6 (2)p(f (x))
+ (Ko) 8 (6 (@) T (6 () — (1 — f (Kop) — ) D g
AR @IY - (%)

The last term is the curvature at point X, which smooths evolving contors.

C. Implementation

Numerically, the sparse level set method [31] was employed for the computer
implementation of the variational region-growing model because of its efficiency. In
particular, the upwind scheme was used in discretizing |V(:)| in eq. (19) (see [32] for details).

lll. Experiments and Results

A. Prior Learning

There were 16 Delayed Enhanced MR images (DE-MRI) used for learning prior information
and tuning parameters. These training data cover 110 mm in the Z direction, in which the
LA has wide shape variations and volume sizes (ranging from 66 to 237 ml). Manual
segmentations are available for each image.

The LA mask for determing the local threshold T)gcq may be obtained in the following
manner. First, for each centralized slice from the training image, a ROI is detected as
described in Section I1-A.1. Then, the mask of its manual segmentation inside the ROI is
normalized to [-1, 1]x[-1, 1] by setting the origin at the center of the ROI. Finally, all
normalized masks are summed up and rescaled to [0, 1] as the spatial distribution of the LA
(see Figure 6(a)). The points with values greater than 0.5 were chosen as the LA mask.
When applying this mask to an MR slice to be segmented, it is rescaled to fit into the ROI of
the slice (see Figure 6(b)). Normalizing coordinates can compensate the differences of
volume coverages when applying the LA mask.

The scaling factor p in eq. (13) was computed as

3

= maxr —* 20
1<i<16 V;’ (20)

where R; is the greatest distance between points of an LA and its center of mass, V; is its
volume. p = 31.3 was found from the training images. When applying this scale factor to
new images, points outside the unit ball determined by p were set to zero.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.
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To determine the parameters in eq. (17), the seed detection process was performed on each
central slice. The statistics of the final seed radii were p, = 11.6 mm, oy = 3.1 mm. The
average and standard deviation of manual segmentation volumes were py = 106 ml and oy
45 ml, respectively. To compute the Zernike moments for=the LA, each manual
segmentation was used individually, and then these moments were averaged componentwise
as the shape prior. In the experiments, the order of the moments was set to be Nzp = 12.

B. Parameter Determination and Sensitivity Test

1) Parameters in Seed Extraction—All the central slices from the training images were
used to determine the parameters for seed extraction. All of these slices have a resolution of
0.625 x 0.625 mm2. Specifically, the following three measures were used for the parameter
determination and sensitivity test: i) the average distance between the centers of seed regions
and their corresponding centers of manual segmentations, denoted by d(Cseeqd, Cpa); ii) the
average radius of seed regions from the training images, denoted as ;=; iii) the average
distance between the centralities from manual segmentations (g) and proposed method (g),
denoted by d(g, §).

The parameters A g and R g in eq. (4) and t,f in eq. (6) were determined as follows: First,
fix an empirical value t,ef = 50 pixels, then sweep the parameters A, g and R g in the range
[0.2, 0.8] x [10, 20] to search for the minimum of d(g, g), since heart region detection may
affect the value of g. The optimal values were found to be A, g = 0.6 and R|_ g = 15 pixels
(9.38 mm) and the threshold of t5 = 10 (6.25 mm) was chosen accordingly. Then, fix A, g
and R g, and search for t,ef in the range from 2 to 120 pixels that minimizes d(Cgged, CLA):
because the seed location directly depends upon t..s. The optimal value of tes was found to
be 58 pixels (36.25 mm).

The sensitivity of these three parameters to seed detection were examined by varying one
parameter in a given range while keeping the other two fixed. As an example, the impact of
tref ON seed location and radius as it ranges from 2 to 120 pixels is shown in Figure 7.
Initially, d(Cseeq, Ca) is very large but = is small, which means seed regions were all
attracted close to the heart boundary. When t.f goes to infinity, i.e., eqg. (5) is not normalized
by the distance to the reference point, d(Cseeq, Cia) is relatively large, which means some
seed regions may not reside in the LA region. As can be seen from Figure 7, there is stable
region (when te varies from 58 to 106 pixels) such that the seed locations and radii are not
sensitive to tyes. The coefficient of variation [33], defined as the ratio of the standard
deviation to the mean, was used to evaluate the sensitivity of parameters to seed location,
radius, and slice centrality. The details of this test are summarized in Table I. It shows that
the seed location and radius are controlled by t,f, while the slice centrality is mostly
affected by 1 g and R g. Also, these results indicate that the radii of seed regions are not
sensitive to parameters in the given range.

2) Parameters in Region Growing—Due to the computational complexity in
implementing the Zernike moments, the training data were resampled to 2 x 2 x 2 mm?3
when tuning parameters, where the LA shape isxwell-preserved. The average of the Dice
coefficient [34] between manual and automatic segmentations was used to determine
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parameters and test sensitivity of the region-growing process. The two parameters a and y
defined in eq. (16) and (17) were determined by first empirically setting a = 0.01 and
searching for y in the range [0.1, 0.9] that maximizes the average Dice coefficient. Then,
similarly, by fixing y, we searched for a in the range [0.01, 0.1]. The optimal parameters
were found to be = 0.3 and a = 0.03. The coefficient of variation for the average Dice is
3% as a varies from 0.01 to 0.1 by fixing y = 0.3, which means that a is robust in this
range. The sensitivity of i will be discussed in the next section.

The sensitivity of seed perturbations to the LA segmentation was tested by translating and
scaling each seed region and comparing the changes of the average Dice values. For
translations, random tests were conducted to shift each seed region from [-10%, 10%] to [
90%, 90%)] of its radius r in the XY plane and along the Z direction separately. Regarding
scale, each seed region was randomly shrunk from 3% to 30% of its radius (about the range
of u/ay = 27%, which is far larger than the sensitivity of parameters to seed radius (<2% as
shown in Table I)). Each case was randomly tested for 10 times and the average Dice
coefficient was computed. The testing results are given in Figure 8. Overall, perturbations in
translation is less sensitive than scaling to final segmentations, while perturbing the seed
region in XY plane affects segmentation more than along the Z direction. In the scaling test,
a sharp decrease of Dice happens after 18% of shrinking as a smaller seed region may
contain insufficient intensity information for capturing the whole LA region.

3) Importance of Prior Information—Figure 9 shows an example of the region-growing
process, in which Figure 9(f) is the segmentation result without using the prior information
by setting the coefficient of the prior to zero. It shows that the process explores
homogeneous regions at the beginning when the robust statistic force is dominant, and
gradually captures finer details when the shape prior starts to play a main role. The evolution
leakage was avoided by using the shape prior information. A common practice to prevent
evolution leakage in active contor models is by increasing the weight of the curvature term.
Thus, a comparison was made between segmentations with and without using the prior
information under varying y from 0.1 to 0.9. The overall performance is shown in Figure
10. It was observed that, without using the prior, adding more weight to the curvature term
reduces evolution leakage and thus improves segmentations up to y = 0.8. Afterwards, the
performance decreases as the curvature term causes under-segmentations since it favors
smooth surfaces. Better segmentations may be achieved by tuning y case by case. On the
contrary, the curvature term had less effect when the shape prior was used which competes
with the smoothing force and favors LA-like shapes.

4) Moments Order and Computational Complexity—The proposed method was
implemented in C++ and tested on a computer with Quad CPU 3GHz, 8G RAM. In this test,
the training images were resampled to a resolution of 1x1x1 mm3 to test the time
complexity for higher resolution segmentation. The parameters learned from training images
at lower resolution were applied. Figure 11 shows the effect of moments order on
segmentation accuracy and computational complexity. As can be seen from this figure, there
is a slight improvement (about 3%) as the moments order goes from 10 to 20. On the other
hand, the average computational time per image increases sharply by 30 times as moments
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order goes to 20. In applications, we found the moments order of 12 gives a good balance of
time and accuracy.

C. Experiments With Cardiac MR Data

We evaluated the proposed segmentation method using 64 MR images from the
Comprehensive Arrhythmia Research and Management (CARMA) Center that are publicly
accessible at [35]. These data are Late-Gadolium Enhanced (LGE-MRI) from 32 patients
with atrial fibrillation (AF) who have undergone radiofrequency (RF) catheter ablation for
treatment of AF, of which 32 are images before RF ablation and others are after.
Enhancement is hypothesized to fibrosis or endocardial tissue that is correlated with the
progression of AF for the pre-ablation images, and that of post-ablation images is due
mainly to the scars. Thus, these data have large variations in terms of LA shape, intensity
range, and image quality.

In the experiments, the parameters learned from the training images were directly applied.
Starting from the middle slice, the proposed method succeeded in finding the seed regions
for all of the 64 images in presence of large intensity variations and noises, which provides
good initialization for the following region growing process. After the slice centralization
search, the average difference between the indices of automatic and manually determined
central slices was 1.4, which was 3.1 as measured from middle slices. An example of the
final segmentation results is shown in Figure 12 for two LAs with significantly different
shapes and volume coverages. The final segmentations capture the overall LA structure,
only missing parts of the pulmonary veins (PVs).

In addition, the proposed method was compared to the standard multi-atlas-based method

[36], [37]. Let{IZr} and {Lir } i=1--16 be asetof label images, respectively. The multi-
atlas method works as follows: First, each training and images 1}, is registered to a testing
image ; to be segmented by searching for an optimal affine transformation T(fpt using
mutual information [38], [39] as a metric. Then, the corresponding label image ! is

transformed using ijt. Let T; and iir be the transformed training and label images,
respectively. Next, the non-zero region of iir is selected as a ROI and refined by registering

the Tir to Ij using the B-Spline registration method [40]. After registering all the training
images to Ij, we get a set of transformed label images. Finally, these label images are
combined by applying a majority voting method [41] to get the segmentation of the LA.

To quantify errors, the standard Dice coefficient [34], volume overlap [42], surface distance
from the automatic to manual segmentations, and Hausdorff distance [43] (95% Hausdorff
distance [44]) were used. The comparison results are summarized in Table II. Overall, the
proposed method achieves better results in terms of accuracy and the worst cases. A case-
by-case comparison in terms of Dice and volume overlap is shown in Figure 13 where only
the results from the subjects with even ID indices are presented to save displaying space.
These detailed results show that the proposed method outperformed the atlas-based method
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in all of the 32 cases in terms of the Dice measurement, and in 30 out of 32 cases (other than
subjects 4 and 46) with respect to the volume overlap measurement.

In addition, the worst cases with respect to the Dice coefficient are given in Figure 14,
which illustrates the characteristics of these two types of methods. The proposed method is
more flexible to variations of the volume coverage and LA shapes because of its local
characteristics, while under-segmentation may occur due to extensive noise where the
information inside a seed region may not be able to characterize the intensities in the entire
LA volume. In addition, because of the underlying smoothness requirement in variational
derivations, the proposed method has lesser tendency to develop sharp changes over the
shape, which results in missing some of the regions around the PVs. The atlas-based method
suffers severely from changes in volume coverage since it is a global method. As shown in
Figure 14, the existence of an outlier (an arm) on the left side of the MR image makes the
final segmentation deviate away from the expected location, even though the overall
segmentation has a LA-like shape.

Though it is hard to make a fair comparison between different methods because of the use of
different datasets, the performance of our method seems to be competitive with some of the
latest results. For example, one state-of-theart method [8] reports a result of 0.81 + 0.10
[0.47] and 0.69 * 0.12 [0.30] for the Dice and volume overlap measures, respectively. The
referenced method achieves higher mean values since it uses a whole heart model that
contains richer information while interpreting an MR image. On the other hand, the
proposed method has a smaller standard deviation and better performance in the worst cases
because of its localized property, which specifically focuses on the LA.

V. Conclusion

We have described an automatic segmentation scheme for extracting the LA from MR
images by using a variational region growing with a moments-based shape prior. The
method starts from searching for a seed region of the LA by utilizing the anatomical
characteristics of the LA. Then, it explores the LA region by employing locally computed
robust statistics of seed intensities and a shape prior that enforces a global guidance. Thus,
this method is robust to shape variations and image quality. The experimental results
indicate the ability of the proposed approach to give very reasonable results.

As indicated by the experimental results, challenges arise with segmentations near the PVs
and when the information in a circular seed can not characterize the whole LA region. The
first issue may be solved by incorporating certain geometric information of the PVs with
respect to the LA. For the second issue, we will investigate other seed shapes or extract seed
regions from other image views. In applications, we will use the segmentation results as
prior information to identify scars for MR images of post-ablations and apply the moments-
based shape prior for segmenting other anatomical structures.

Acknowledgments

The image data were provided by the Comprehensive Arrhythmia Research and Management (CARMA) Center.
The segmentations were produced using the Corview software, also a product of CARMA, and Seg3D, software

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al.

Appendix

Page 15

developed and distributed by the Center for Integrative Biomedical Computing (CIBC). Information on the
National Centers for Biomedical Computing can be obtained from nihroadmap.nih.gov/bioinformatics.

This work was supported in part by AFOSR, in part by the National Center for Research Resources under Grant
RR-013218, in part by the National Institute of Biomedical Imaging and Bioengineering of the National Institutes
of Health under Grant P41-EB-015902. The development of the Seg3D software used in this work was supported
by the NIH/NCRR under Grant 2P41 RR0112553-122P41 RR0112553-12. This work is part of the National
Alliance for Medical Image Computing (NA-MIC), funded by the National Institutes of Health through the NIH
Roadmap for Medical Research under Grant U54 EB005149. The associate editor coordinating the review of this
manuscript and approving it for publication was Prof. Sina Farsiu.

Define a function Q(x, ¢, Ko, K1, Ky, K3) as

=" = K/ Eo) (y — Ko/ Ko)"(z — K3/ Ko)'

(pKo)TH 3 v (21

where
Ki=[qzH (¢)dz, Ky=[qyH (¢)dx, Kz=[qzH (¢)dz. (22)
Then eq. (13) can be rewritten as
Nrst=Q (2, ¢, Ko, K1, K2, K3) H (¢ (x)) d.  (23)

By applying the chain rule, the variational derivative of 75 with respect to ¢ is
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where &(') is the Dirac function. It can be shown that the variational derivatives 2z.- are
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The variational derivatives of K; with respect to ¢ are
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Note that the results for computing the variational derivatives for 3D moments, equs.
(26)~(28), are similar to those of [21] for the 2D case.

Liangjia Zhu is a Post-Doctoral Fellow with the Department of Electrical and Computer
Engineering, University of Alabama at Birmingham, Birmingham, AL, USA. He received
the Ph.D. degree in electrical engineering from the Georgia Institute of Technology, Atlanta,
GA, USA, in 2013. His research interests include image processing, computer vision, and
video analysis.

Yi Gao is an Assistant Professor with the Department of Electrical and Computer
Engineering, University of Alabama at Birmingham (UAB), Birmingham, AL, USA. He is
an Associate Scientist with the UAB Comprehensive Cancer Center. His research interests
include computer vision, image, and shape computing.

Anthony Yezzi holds the position of Ken Byers Professor within the School of Electrical
and Computer Engineering, Georgia Institute of Technology (Georgia Tech), Atlanta, GA,
USA, where he directs the Laboratory for Computational Computer Vision. He has over 20
years of research experience in shape optimization via geometric partial differential

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al.

Page 17

equations. He received the Ph.D. degree in electrical engineering from the University of
Minnesota, Minneapolis, MN, USA, in 1997, with a minor in mathematics. After completing
a post-doctoral research appointment with the Massachusetts Institute of Technology,
Cambridge, MA, USA, he joined the faculty of Georgia Tech in 1999. His research lies
primarily within the fields of image processing and computer vision with a particular
emphasis on medical imaging and 3D surface reconstruction. He has consulted for a number
of companies including GE, 3M, MZA, Philips, Picker, and VTI. His work spans a wide
range of image processing and vision problems including image denoising, edge detection,
segmentation, shape analysis, multi-frame stereo reconstruction, visual tracking, and
registration. His research interests include curve and surface evolution, differential
geometry, partial differential equations, and shape optimization.

Allen Tannenbaum (F'09) has held faculty positions in Israel, Canada, Switzerland, and the
U.S. He is currently a Professor of computer science and applied mathematics/statistics with
SUNY Stony Brook, Stony Brook, NY, USA. He works in image processing, medical
informatics, computer vision, and systems and control.

REFERENCES

1. McGann CJ, Kholmovski EG, Oakes RS, Blauer JE, Daccarett M, Segerson N, Airey KJ, Akoum N,
Fish EN, Badger TJ, DiBella EVR, Parker D, MacLeod RS, Marrouche NF. New magnetic
resonance imaging based method to define extent of left atrial wall injury after the ablation of atrial
fibrillation. J. Amer. College Cardiol. 2008; 52(15):1263-1271.

2. Jais P, Weerasooriya R, Shah DC, Hocini M, Macle L, Choi KJ, Scavee C, Haissaguerre M,
Clémenty J. Ablation therapy for atrial fibrillation (AF). Cardiovascular Res. 2002; 54(2):337-346.

3. Suri JS. Computer vision, pattern recognition and image processing in left ventricle segmentation:
The last 50 years. Pattern Anal. Appl. 2000; 3(3):209-242.

4. Petitjean C, Dacher JN. A review of segmentation methods in short axis cardiac MR images. Med.
Image Anal. 2011; 15(2):169-184. [PubMed: 21216179]

5. Zheng Y, Barbu A, Georgescu B, Scheuering M, Comaniciu D. Four-chamber heart modeling and
automatic segmentation for 3-D cardiac CT volumes using marginal space learning and steerable
features. IEEE Trans. Med. Imag. Nov; 2008 27(11):1668-1681.

6. Ecabert O, Peters J, Schramm H, Lorenz C, von Berg J, Walker M, Vembar M, Olszewski ME,
Subramanyan K, Lavi G, Weese J. Automatic model-based segmentation of the heart in CT images.
IEEE Trans. Med. Imag. Sep; 2008 27(9):1189-1201.

7. van Rikxoort EM, Isgum |, Arzhaeva Y, Staring M, Klein S, Viergever MA, Pluim JPW, van
Ginneken B. Adaptive local multi-atlas segmentation: Application to the heart and the caudate
nucleus. Med. Image Anal. 2010; 14(1):39-49. [PubMed: 19897403]

8. Zhuang X, Rhode KS, Razavi RS, Hawkes DJ, Ourselin S. A registration-based propagation
framework for automatic whole heart segmentation of cardiac MRI. IEEE Trans. Med. Imag. Sep;
2010 29(9):1612-1625.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al.

Page 18

9. John M, Rahn N. Automatic left atrium segmentation by cutting the blood pool at narrowings. Proc.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

8th Int. Conf. MICCAI. 2005:798-805.
10.

Karim R, Mohiaddin R, Rueckert D. Left atrium segmentation for atrial fibrillation ablation. Proc.
SPIE. Mar.2008 6918:69182U-1-69182U-8.

Depa M, Sabuncu MR, Holmvang G, Nezafat R, Schmidt EJ, Golland P. Robust atlas-based
segmentation of highly variable anatomy: Left atrium segmentation. Proc. MICCAI Workshop
Stat. Atlases Comput. Models Heart, Mapping Struct. Funct. 2010; 6364:85-94.

Zheng Y, Wang T, John M, Zhou SK, Boese JM, Comaniciu D. Multi-part left atrium modeling
and segmentation in C-arm CT volumes for atrial fibrillation ablation. Proc. MICCAI. 2011:487-
495,

Lankton S, Tannenbaum A. Localizing region-based active contours. IEEE Trans. Image Process.
Nov; 2008 17(11):2029-2039. [PubMed: 18854247]

Gao Y, Gholami B, MacLeod RS, Blauer J, Haddad WM, Tannenbaum A. Segmentation of the
endocardial wall of the left atrium using local region-based active contours and statistical shape
learning. Proc. SPIE. Mar.2010 7623:76234Z-1-76234Z-8.

Zucker SW. Region growing: Childhood and adolescence. Comput. Graph. Image Process. Sep;
1976 5(3):382-399.

Zhu SC, Yuille A. Region competition: Unifying snakes, region growing, and Bayes/MDL for
multi-band image segmentation. IEEE Trans. Pattern Anal. Mach. Intell. Sep; 1996 18(9):884—
900.

Gao Y, Kikinis R, Bouix S, Shenton M, Tannenbaum A. A 3D interactive multi-object
segmentation tool using local robust statistics driven active contours. Med. Image Anal. 2012;
16(6):1216-1227. [PubMed: 22831773]

Zhu'L, Gao Y, Yezzi A, MacLeod R, Cates J, Tannenbaum A. Automatic segmentation of the left
atrium from MRI images using salient feature and contour evolution. Proc. Annu. Int. Conf. IEEE
EMBC. Aug-Sep;2012 :3211-3214.

Leventon ME, Grimson WEL, Faugeras OD. Statistical shape influence in geodesic active
contours. Proc. IEEE Conf. CVPR. Jun.2000 :1316-1323.

Rose JL, Revol-Muller C, Langlois J, Janier M, Odet C. 3D region growing integrating adaptive
shape prior. Proc. 5th IEEE ISBI, Nano Macro. May.2008 :967-970.

Foulonneau A, Charbonnier P, Heitz F. Affine-invariant geometric shape priors for region-based
active contours. IEEE Trans. Pattern Anal. Mach. Intell. Aug; 2006 28(8):1352-1357. [PubMed:
16886870]

Khotanzad A, Hong YH. Invariant image recognition by Zernike moments. IEEE Trans. Pattern
Anal. Mach. Intell. May; 1990 12(5):489-497.

Teague MR. Image analysis via the general theory of moments. J. Opt. Soc. Amer. Aug; 1980
70(8):920-930.

Canterakis N. 3D Zernike moments and Zernike affine invariants for 3D image analysis and
recognition. Proc. 11th Scandin. Conf. Image Anal. 1999:85-93.

Novotni M, Klein R. Shape retrieval using 3D Zernike descriptors. Comput. Aided Design. 2004;
36(11):1047-1062.

Otsu N. A threshold selection method from gray-level histograms. IEEE Trans. Syst., Man,
Cybern. Jan; 1979 9(1):62-66.

Lankton S, Nain D, Yezzi A, Tannenbaum A. Hybrid geodesic region-based curve evolutions for
image segmentation. Proc. SPIE. Mar.2007 6510:65104U-1-65104U-10.

Chan TF, Vese LA. Active contours without edges. IEEE Trans. Image Process. Feb; 2001 10(2):
2029-2039.

Calvin M, Qi R, Raghavan V. A linear time algorithm for computing exact euclidean distance
transforms of binary images in arbitrary dimensions. IEEE Trans. Pattern Anal. Mach. Intell. Feb;
2003 25(2):265-270.

Pichon E, Tannenbaum A, Kikinis R. A statistically based flow for image segmentation. Med.
Image Anal. 2004; 8(3):267-274. [PubMed: 15450221]

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44,

Page 19

Whitaker RT. A level-set approach to 3D reconstruction from range data. Int. J. Comput. Vis. Sep;
1998 29(3):203-231.

Aubert, G.; Kornprobst, P. Mathematical Problems in Image Processing: Partial Differential
Equations and the Calculus of Variations (Applied Mathematical Sciences). Springer-Verlag;
Secaucus, NJ, USA: 2006.

Reed GF, Lynn F, Meade BD. Use of coefficient of variation in assessing variability of quantitative
assays. Clinical Diag. Lab. Immunol. 2002; 9(6):1235-1239.

Frakes, W.; Baeza-Yates, R. Information Retrieval: Data Structures & Algorithms. Prentice-Hall;
Englewood Cliffs, NJ, USA: 1992.

CARMA [Online]. 2012. Available: http://insight-journal.org/midas/collection/view/197

Kirisli HA, Schaap M, Klein S, Neefjes L, Weustink AC, van Walsum T, Niessen WJ. Fully
automatic cardiac segmentation from 3D CTA data: A multiatlas based approach. Proc. SPIE.
Mar.2010 7623:762305-1-762305-9.

Cabezas M, Oliver A, Lladé X, Freixenet J, Meritxell BC. A review of atlas-based segmentation
for magnetic resonance brain images. Comput. Methods Programs Biomed. Dec; 2011
104(3):e158-e177. [PubMed: 21871688]

Viola P, Wells WM. Alignment by maximization of mutual information. Int. J. Comput. Vis. 1995;
24(2):16-23.

Mattes D, Haynor DR, Vesselle H, Lewellen TK, Eubank W. PET-CT image registration in the
chest using free-form deformations. IEEE Trans. Med. Imag. Jan; 2003 22(1):120-128.

Rueckert D, Sonoda LI, Hayes C, Hill DLG, Leach MO, Hawkes DJ. Nonrigid registration using
free-form deformations: Application to breast MR images. IEEE Trans. Med. Imag. Aug; 1999
18(8):712-721.

Rohlfing T, Brandt R, Menzel R, Maurer CR. Evaluation of atlas selection strategies for atlas-
based image segmentation with application to confocal microscopy images of bee brains.
Neurolmage. 2004; 21(4):1428-1442. [PubMed: 15050568]

Crum WR, Camara O, Hill DLG. Generalized overlap measures for evaluation and validation in
medical image analysis. IEEE Trans. Med. Imag. Nov; 2006 25(11):1451-1461.

Rockafellar, RT.; Wets, RIB. Variational Analysis. Springer-Verlag; New York, NY, USA: 1998.
Elhawary H, Oguro S, Tuncali K, Morrison PR, Tatli S, Shyn PB, Silverman SG, Hata N.
Multimodality non-rigid image registration for planning, targeting and monitoring during CT-
guided percutaneous liver tumor cryoablation. Acad. Radiol. 2010; 17(11):1334-1344. [PubMed:
20817574]

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.


http://insight-journal.org/midas/collection/view/197

1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al. Page 20

(b)

(d (e) ®

Fig. 1.
(a) Diagram of the heart, including the left ventricle (LV), right ventricle (RV), left atrium (LA), right atrium (RA), mitral valve

(MV), tricuspid valve (TV), and pulmonary veins (PVs). (b)~(c) Heart regions from two subjects with the LV and LA
highlighted. (d)~(e) The spatial relation between the LA and LV in the axial view as tracing from the bottom of the LA (d), to
the middle slice of the MR image (e), and the center of the LA (f).
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Examples of the centrality for the three MR images as shown in Fig. 1(b), (c), and (d), as the MR slices tracing from bottom to
up in the Z direction. The indices of central slice are marked by circles.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al. Page 22

Fig. 3.
First row from left to right: middle slices from three MR images. Second to fourth row from left to right: the corresponding heart
region (yellow), edges inside Ineart, distance map (the ’jet” colormap was used where blue is zero, the smallest value), and
detected seed region with the same fixed radius r = 10 mm (red).
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Extracted LV (green) and LA (blue) for the three slices in Fig. 3.

D | &

Fig. 4.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.

Page 23



1duosnue Joyny vd-HIN 1duosnue N Joyny vd-HIN

1duosnuel Joyiny vd-HIN

Zhu et al.

Page 24

OCo &
& X -

Fig. 5.
Deformation of sphere and hyperbola to a given LA shape. The moments order is 12.
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(a)

Fig. 6.
(a) Spatial distribution of the LA in the normalized coordinate. (b) The ROI (yellow) of the middle slice of an MR image and
applied LA mask (red).
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Fig. 7.
Impact of trer on d(Cseeq, CLa) (Left) and = (Right).
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Fig. 8.

Variation of the average Dice coefficient as seed regions perturbed in translation (Left) and scaling (Right).
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Fig. 9.
Example of region-growing process. (a) Raw image. (b) to (€) The growing process with the shape prior. (f) Segmentation
without using the shape prior. Manual segmentation is highlighted in red.

IEEE Trans Image Process. Author manuscript; available in PMC 2014 April 26.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

Zhu et al.

Page 29

Average Dice
© 0o o o o © o o
N W 01O N O ©

- No prior

With prior

1 1 1

Q
O
o

0.2

0.3 0.4 0.5 0.6
Gamma

Fig. 10.
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Comparison of the LA segmentation with and without using the prior information.
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Left: Effect of moments order on segmentation accuracy in terms of average Dice. Right: Average computational time per image
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Fig. 12.
Segmentations of the LA with sharp shape variations and wide volume coverages (second and fourth columns). From top to

bottom: the LA in axial, coronal, and sagittal views, respectively.
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Fig. 13.
Comparison of segmentation accuracy in terms of Dice (Left) and VVolume Overlap (Right) between the proposed method

(green) and multi-atlas-based method (yellow).
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Fig. 14.
Comparison of the worst results (in terms of the Dice measurement) obtained using the proposed method (second column) and

the atlas-based method (fourth column). From top to bottom: the LA returned using the proposed method (yellow) and atlas-
based method (green) in axial, coronal, and sagittal views, respectively.
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Algorithm 1

Seed Region Extraction

1: Initialize I; as the middle slice

2: Segment the heart region lpea,t ON I
3: Extract a seed region inside lneart
4: Evaluate the centrality g(l;)

5: If g(Imip) is above a threshold t;, go to a upper slice and repeat steps 2-4 until g(l;) < ty; otherwise, go to a lower slice and repeat steps 2-4
until g(l;) > t;. Both cases are terminated when I; is out of the search range

6: Once the slice is centralized, adjust the seed radius
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TABLE |

Coefficient of Variation for Parameters in Seed Extraction

*

Parameters Range H(Cseeqs CLA) r 0.9
A Lo [0.2,0.8] 4.0% 1.0% | 20.6%
R G [10, 20] 5.5% 1.1% | 16.0%
et [58, 106] 12.5% 1.4% | 1.0%
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TABLE Il

Comparison of Segmentation Accuracy Between the Proposed Method and Multi-Atlas-Based Method

Measurements Proposed Method Multi-Atalas
Dice [min] 0.79 £ 0.05 [0.67] 0.69 +0.11 [0.27]
Overlap [min] 0.65 +0.07 [0.50] 0.54 +£0.13 [0.15]
Surface distance (mm) 279+2.84 536 + 4.60
0, *
Hausdorff [95%] (mm) | 14.40 + 3.65 [8.39 + 2.06] 2310+ 925 [13.01 + 3.59]

*
Cases with Dice < 0.60 were regarded as completely failures and excluded from computation.
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