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Abstract of theleft ventricle[18]. However their approach required a
high level of user interaction to prevent contour leakage. To
We develop a semiautomated segmentation method to asavercome the problem of contour leakage Ho et. al. used
sist in the analysis of functional pathologies of the left ven- acompetitivelevel set framework demonstrating significant
tricle of the heart. The segmentation is performed using improvement. They applied their approach to segment brain
an optimal geodesic active contour with minimal structural tumoursin 3D magnetic resonance images[10].
knowledge to choose the most likely surfaces of the my- A rangeof optimal active contour methods have been de-
ocardium. The use of an optimal segmentation algorithm veloped which avoid the problems of the variational frame-
avoids the problems of contour leakage and false minimawork. In the last decade numerous shortest path algorithms
associated with variational active contour methods. The have been applied to locate curvilinear image features in-

resulting surfaces may be analysed to obtain quantitative cluding road and valley detection from satellite images and

measures of the heart’s function.

We have applied the proposed segmentation method to

crack detection on borehole cores [5, 6, 14].
In object segmentation the topology of the problem de-

and efficiency of this scheme as well as its robustness tocongidered the problem of segmenting nuclei in cell mi-

noise and background clutter.

1 Introduction

The segmentation of organsin medical imagesis a chal-
lenging problem due to the high geometric variation com-
mon both between subjects and within asingle subject. Lo-
cal feature based methods are unable to account for geo-
metric and structural properties and often yield unreliable
segmentations. Rigid templates are rarely applicable how-
ever deformable templates and active contours have more
prospect for success.

Classical active contoursincluding snakes[11] and level
sets [15, 1] have shown promise in a range of medical im-
age segmentation problems. The relatively recent geodesic
active contour framework has been shown to be simple, ef-
ficient and relatively accurate [7, 9]. These methods typi-
cally use avariational framework to obtain locally minimal
contours by gradient descent of an energy functional. As
a result the final segmentations are dependent upon their
initialisation, requiring a simpler and less reliable segmen-
tation as input. They also have a tendency to leak through
gaps in object edges due to noise or indistinct boundaries
and may become caught in irrelevant local minima.

Zhukov et. al. applied a 3D snake to segment the cavity

croscopy. They computed shortest paths across a polar trel-
lis with the added restriction that the endpoints of the path
met. The problem of shortest paths with connected end-
points was solved to optimality by Appleton and Sun [2]
who used a branch and bound search to efficiently obtain
the shortest closed path on trellises.

These approacheswere recently unified by Appleton and
Talbot to give an optimal form of geodesic active contour
[3] . The resulting segmentations demonstrate superior
quality to classic geodesic active contours for similar com-
putational effort. This method isideal for the segmentation
of deformable objects characterised by homogeneous fea-
tures making them attractive for medical image segmenta-
tion.

Our driving application is to assist the analysis of func-
tional pathologies of the left ventricle in the human heart.
The goa of this project is to provide quantitative mea-
sures of the heart’sfunction, including the muscle thickness
throughout the LV wall, the internal volume and the mus-
cle volume, and the gjection fraction. Data is obtained in
the form of multislice magnetic resonance images. Slices
are acquired in adouble oblique planeto the body along the
long axis of the heart with 10mm separation. The pixels
composing each sliceare 1.4mm x 1.4mm.

The aim of this paper is to present a segmentation
method for this data modality which will robustly and accu-
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rately extract the epicardium and the endocardium of the left
ventricle. The resulting surfaces may then be analysed to
compute quantitative measures of the myocardial geometry.
Due to the large separation between the slices and the lack
of registration three-dimensional segmentation techniques
are not considered. Instead we propose to independently
segment each dlice to form a layered collection of contour
lines which may be suitably interpolated to approximate the
myocardial surface.

2 Optimal Geodesic Active Contours

Our method utilises an existing algorithm for the seg-
mentation of homogeneous objects under the geodesic ac-
tive contour energy functional due to Appleton and Talbot
[3]. Thisalgorithm gives the simple closed curve of glob-
ally minimal energy which isrequired to contain aspecified
internal point pjn. Thisinternal point selects the object of
interest and may form the only input parameter to the algo-
rithm, yielding a highly automated optimal object segmen-
tation scheme.

The image to be segmented is represented as a Rieman-
nian space S with ametric g induced by the image content.
The metric quantifies the local homogeneity of the image.
Using this space segmentation is achieved by locating the
minimal closed geodesic containing pj,t. A key feature of
this approach is the separation of the segmentation problem
into local feature extraction and global geometric optimisa-
tion.

The minimisation objectiveis the energy functional

B(C) = /c 0(C(s)ds )

where C is the segmentation contour and g is the metric.
Locally minimal contours C' are known as geodesics For
images composed of objects characterised by homogeneous
intensity we choose a positive scalar metric of the form

1 1
= — _— 2
I=5 (1+|VGU*I|” +5) 2

where p = 1 or 2 and r is the distance from p;,;. Here
G, isaGaussian of variance o2 such that the denominator
is ameasure of the local intensity discontinuity at scale o.
€ > 0 isan arc-length penalty which implicitly smooths the
contour. Here we alter the metric typically used in geodesic
active contours[7, 9] by including an inverse radia weight-
ing. Thisintroduces scale invariance into the energy func-
tional rendering it suitable for global minimisation.
Geodesics are computed on the discrete grid using
Sethian’s fast marching method [16, 8]. For the computa-
tion of closed geodesics we form a space S identical to the
Riemann surface for the natural logarithm relation by aug-
menting the image plane IR2. This space naturally embeds

the information of whether a closed contour contains pj.¢
without restricting the contour in any way.

Minimal closed geodesics are located efficiently using a
best-first branch and bound search tree adapted from work
by Appleton and Sun on circular shortest paths [2]. The
optimal closed contour partitions the image into the object
and the background such that the total similarity across the
partition border is minimised.

This algorithm has been applied to the segmentation of
microscope, X-ray, magnetic resonance and cDNA microar-
ray images [3]. The resulting segmentations have been
shown to beisotropic and demonstrate robustnessto gapsin
object boundariesaswell aslow sensitivity to the placement
of the interior point pj¢. They have been successfully ap-
plied to concave and convol uted boundaries, demonstrating
theflexibility of thisapproach. The new approach compares
quite favourably with the classic curve evolution approach
of Caselles et. a. [7], achieving more reliable and accu-
rate segmentations with very similar computational effort.
However as opposed to classic geodesic active contoursthe
segmentation is restricted to be a simple closed curve.

3 Adapting Optimal GAC

Due to the fact that the left ventricle is the major sys-
temic pump for the cardiovascular system it has an approxi-
mately circular cross-section[13]. Theinternal cavity of the
left ventricle appears brighter than the surrounding tissue
asitisfilled with blood. The myocardium appears darker
than most of the surrounding tissue, with the exception of
the cavity of the right lung. We therefore compute a ra-
dia gradient for each dlice relative to the internal point,
which is placed toward the centre of the LV. Strong nega-
tive gradients are likely to correspond to the intensity drop
across the endocardium between the blood-filled LV cavity
and the muscle of the myocardium, while strong positive
gradients are likely to correspond to an intensity increase
across the epicardium from the myocardial muscle to the
generally brighter surrounding tissues.

From the radial gradient we generate apair of metricim-
ages, gepi and genqdo. Each metric should be low on points
which are deemed likely from local features to lie on the
epi- or endocardial surface respectively, and high on points
which are unlikely to lie on the surface of interest. This
inspires the following pair of metrics:

1 1 + €)
Ieri = U\ T+ u(VG,y x1) [VGy 1| © ©

—1( ! +> 4)
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whereu isHeavyside'sfunction [12].
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Figure 1. A snapshot of the user interface.

Segmentation is then performed independently on each
metric image using the optimal geodesic contour algorithm
of Appleton and Talbot[3].

4 User Interface

A prototypical user interface has been designed using the
FLTK cross-platform GUI builder [17] in order to develop
the segmentation scheme (Figure 1). The graphical inter-
face allows users to view each slice in turn, alter ssgmenta-
tion parameters such as the scale of Gaussian blurring and
the contour regularity, and specify a point inside the left
ventricle for the segmentation. An optional cropping box
may be used to restrict the range of the segmentation con-
tour and increase the speed of the segmentation. Segmenta-
tions may be performed on the entire dataset with common
parameters or on individual sicesfor greater control.

5 Results

Figure 2 depicts a segmentation of an 8-slice dataset with
common parameters. The subject was part of a research
project aimed at measuring myocardial viability and had
had a heart attack within the last six months. No contrast
agent was used.

Observe that this segmentation method does not require
that the slices be registered; the fifth and sixth slices are

Figure 3. A single-slice segmentation at
higher resolution (300 x 220). This slice is
taken in the coronal plane and is rotated by a
half circle with respect to the slices of Figure
2.

clearly misaligned by 14mm in the vertical. Despite this
perturbation to the placment of pj the epicardium and en-
docardium are still correctly segmented.

Theepicardia surfaceisnot easily distinguished by local
edge strength alone due to the presence of the dark cavity in
the right lung. This dark cavity produces weak edges along
the heart-lung interface. Unlike classic geodesic active con-
tourswhich are prone to leak through weakly defined edges
the optimal geodesic active contour framework is able to
correctly segment thisinterfacein al dices.

The segmentation of the endocardial surface in the sec-
ond, third and fourth slices shows a weakness of this seg-
mentation technique. In these dlices the segmentation con-
tour follows astrong edge corresponding to a papillary mus-
clejust interior to the superior surface of the LV cavity, in-
stead of correctly tracking the less distinct edge of the en-
docardium. As aresult the segmentation overestimates the
thickness of the superior portion of the myocardium. This
may be solved using prior structural knowledge of the heart
or morphological preprocessing to remove small linear fea-
tures such as papillary muscles.

All segmentations were performed on a 700MHz P-111
Toshiba laptop with 192MB of RAM under the Linux op-
erating system. The segmentation routines have been im-
plemented in C and C++. Each dice of Figure 2 took 0.3
seconds to segment including all pre- and post-processing.

Figure 3 depicts the segmentation of a single dice at
higher resolution. The increased resolution affords a bet-
ter segmentation, however the computational load is greatly
increased at 6.0 seconds per dice. A multiscale approach
may be warranted to reduce the computational load at high
resolutions.
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Figure 2. A multislice segmentation of the epi- and endomyocardial surfaces of the left ventricle.
Segmentation is performed within an 80 x 75 crop box.

6 Conclusions

We have devel oped an automated method to assist in the
analysis of functional pathologies of the left ventricle of the
human heart. To do so we propose an active contour based
method for segmenting multislice heart MR data. First we
compute a pair of metric images which encapsulate local
knowledge about the presence of the myocardial surface.
Then we apply an optimal geodesic active contour algo-
rithm to choose the most likely closed curvesin each dice
corresponding to the myocardium of the left ventricle. The
resulting surfaces may be analysed to compute quantitative
measures of the left ventricle’s function such as myocardial
thickness, internal and muscle volumes and gjection frac-
tions. In addition we designed a graphical interface to facil-
itate the use of this segmentation scheme and the analysis
of the resulting contours (see Figure 1).

We have applied the proposed segmentation method to
amultislice dataset and a higher resolution single-slice im-
age. Theresults have shown that this schemeisreliable and
efficient, and that it performs well in the presence of indis-
tinct boundaries and background clutter (see Figures 2 and
3). It was shown to be confused by theinclusion of papillary
muscle fibers interior to the LV, suggesting the addition of
prior structural knowledge or morphological preprocessing
to avoid overestimating the thickness of the myocardiumin
these regions.

We are currently considering ways in which an ex-
pert user may interact with the segmentation. Soft spatial
weightings may be used to bias the contour optimisation to-
ward user-specified contour points without forcing the seg-
mentation contour to pass through an inaccurately placed
point, combining the knowledge of the expert with the pre-
cision of this segmentation method.
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