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ABSTRACT

We present a novel and fast interactive approach to multi-
modality cardiac image segmentation, which employs the lin-
early ordered surfaces as an additional constraint. We show
using such a geometrical constraint helps to significantly re-
duce user interaction and improve the accuracy of segmenta-
tion results at the same time. We solve the proposed multi-
region segmentation problem with the order constraints by
means of convex optimization, resulting in a fast and reliable
flow maximization approach which implicitly embeds the lin-
ear order prior without introducing extra computation load.
In this regard, a new fully parallelized continuous max-flow
algorithm is proposed and implemented using GPGPU to seg-
ment a 3D volume within one second. We demonstrate our re-
sults over pathological trans-esophageal echocardiogram, car-
diac CT and delayed enhancement MRI data sets.

Index Terms— Image Segmentation, Max-Flow, MRI,
Ultrasound, CT

1. INTRODUCTION

Finding multiple anatomical structures accurately and effi-
ciently is a common task in medical image processing. In car-
diac image processing, in particular extracted surfaces can be
used as initialization for surface-based registration, measure-
ments of ejection fraction (EF), left ventricular end-systolic
volumes (LVESV), feature extraction and visualization, see
[1] for reference. Segmenting such regions manually, or with
intensive user input, is often time-consuming, subjective, sen-
sitive to initialization and lacks repeatability [2, 3]. On the
other hand, it is also challenging for fully automated meth-
ods to deliver clinically acceptable results due to the com-
plexity of image features. In this regard, an apropriate degree
of user guidance, i.e. interaction, along with prior informa-
tion on the target objects, e.g. shape and region priors [4, 5]
etc, will largely improve both efficiency and accuracy of most
computer-based segmentation methods. In particular, some
generic shape and region information, e.g. star-shape [6] or
region orders [7], may help to significantly lower user input,
while requiring only a slight increase in computational load
or not. This is also in contrast to the cardiac segmentation
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method with strong spatial shape priors [8, 9, 10, 11] where
extra learning and optimization steps are required, hence lead
to a significant increase of computation and memory load.

In this work, we study a geometrical constraint of lin-
early nested surfaces within 3D volumes (for example, the
thoracial cavity contains the heart, which further contains the
blood volume), as a-priori knowledge to assist the segmenta-
tion of images volumes, independant of modality. Our exper-
imental results demonstrate that, while it is intuitively sim-
ple, this approach is sufficiently powerful to produce clini-
cally accurate and meaningful segments and the order prior
is naturally embedded in the optimization procedure without
additional computation cost. In practice, such nested surfaces
can be properly represented by a sequence of regions con-
taining each other. This type of constraint was first investi-
gated by Ishikawa [12] over a specially designed graph, and
recently re-studied and solved in the spatially continuous set-
ting by [13, 14, 15] through convex optimization. Comparing
to graph cut-based methods, the convex optimization-based
approach works in the spatially continuous configuration and
can neatly avoid grid bias which often appears as a visible
side product from graph cut procedures, hence increase the
segmentation accuracy. Moreover, the resulting algorithm can
be implemented and parallelized on modern computing plat-
forms, e.g. CUDA (NVIDIA Corp., Santa Clara, CA.), and
make the optimization solver significantly faster than graph-
cuts in practice, e.g. [16].

1.1. Contributions

In this paper, we introduce three volume labels (blood, my-
ocardium and background), which represent the three regions
overlapping each other in the order of the physical appearance
of anatomical structures, and apply this order as geometrical
constraint to assist the proposed 3D cardiac image segmenta-
tion. We build up the data cost functions based on a maximum
log-likelihood of intensities by sampled histograms [17]. We
propose a new fully parallelized continuous max-flow algo-
rithm to the proposed variational multi-region volume seg-
mentation problem, which results in a fast and reliable nu-
merical solver on GPU. Without particularly optimizing its
implementation, the proposed algorithm can obtain the clini-
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cally acceptable accuracy of 3D cardiac segmentation within
a second. In experiments, we test the sensitivity of the pro-
posed approach to user initialization on cardiac image data
sets of three different modalities and report a measure of over-
lap in form of a dice coefficient against a manually created
gold standard as well as an average root means squared er-
ror of the resulting surfaces vertices. We also demonstrate its
robustness towards initialization by letting non-expert users
sample regions on random volume slices.

2. METHODS

The anatomical structures naturally introduce the prior infor-
mation on the 3D cardiac image segmentation, where blood,
myocardium and background are overlapped with each other.
To enforce such a constraint definitely helps to improve the
segmentation results. Moreover, we will show such a con-
straint can be well embedded in the proposed continuous
max-flow optimization steps without increasing computation
and memory load.

2.1. Segmentation with Ordered Labels

For the proposed algorithm, let €2;,7 = 1...n—1, denote the
n — 1 regions with a linearly overlapped order, such that

Therefore, each segment S; := Q; _1\Q;, 7 = 1...n, is just
the area/volume between the two sequential surfaces. Given
the image models ¢;, i = 1...n, let D;(x) be the data fi-
delity function for each segment .S; which measures how well
the local area around z fits the model ¢;. Then we can max-
imize the log-likelihood of our acquired normalized sample
histogram according to Boykov and Jolly [17]:

Di(z) = —log P(I(z)|l;) 2

We formulate the segmentation task as the following min-
imization problem:

n n—1
min D;(x)dx + oz,»/ ds 3)

subject to (1), where the second term penalizes the total
perimeter of the n — 1 nesting regions and encourages the
segmentation with tight boundaries.

If we define the labeling functions u;(z) € {0,1} such

that
1
wie) = { 5

then the constraint of the n — 1 linearly overlapped regions
(1) just amounts to the following inequalities to the binary
labeling functions u;(z):

if x € Q; .
ifrdQ t=1...n—1.,

0 <up_i(z) < ... <wugfz) <1, VeeQ. @
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We additionally define the functions ug(z) = 1 and u, () =
0, which just represent © and () respectively.

With the aid of the labeling functions u;(x), i = 0...n,
the image segmentation problem (3) can be mathematically
expressed as follows:

n

n—1
min Ui—1 — UG Dl de-f— ai/ Vul- dx (5
uie{o,u;/g( 1) ; o Vel ®

1

subject to the linear inequalities (4) of label orders, where the
length term in (3) is properly encoded by the total-variation
function.

2.2. Convex Relaxation and Continuous Max-Flow

Bae et al [15] proved that the non-convex optimization prob-
lem (5) can be solved globally and exactly through its convex
relaxation model, i.e. the so-called continuous min-cut model:

n

n—1
min w1 —u;)D; dx + ai/ Vu;|dx (6
iy 2o [ (v —woDidet Yo [ 19wl ©

=1

subject to the linear inequalities (4), where the binary con-
straints u;(x) € {0,1} are substituted instead of its convex
relaxation u;(x) € [0, 1]. The mathematical results are simi-
lar to those reported by Nikolova et al [18].

In addition, the authors proposed a continuous max-flow
model:

max / p1da ™
Pi,qi Q
st |gi(2)] < aq, pi(x) < Di(x), (®)

(Qi—pi+pi+1)(l‘):O,i:1...n—1. 9)

Its duality or equivalence to (6) was also constructed, where
the labeling functions w;(x), i = 1...n — 1, are just the mul-
tiplier functions to the flow-preservation conditions (9) under
the primal-dual perspective, i.e.

max min L(p,q,u), s.t. (8)

Pirqi u; €[0,1]

where L(p, q,u) := fg p1dx + Z;:f (Wi, qi — pi + pig1) -

The proposed flow-maximization framework (7) directly
results in a fast numerical solver based on the modern convex
optimization theory [19]. This is a similar approach as graph-
cuts, where the fast solvers to the min-cut problems are often
based on their dual max-flow models.

2.3. Fully Parallelized Continuous Max-Flow Algorithm

In this work, we adopt the convex min-cut/max-flow theory
proposed in [15] to our specified segmentation problem along
with the enforced label ordering prior (1), and observe that
such problem can be solved globally and exactly. Moreover,



we propose a new continuous max-flow algorithm that can be
fully parallelized and resulting in a more efficient solver on
GPU. To see this, we follow the multiplier augmented method
and define

n—1
C
Le(p.q,u) = L(p,q,u) — = > |lai —pi +pita
2
=1

where ¢ > 0 is constant.
The new continuous max-flow algorithm can therefore be
summarized as follows: for the k-th iteration,

e Update all flow functions simultaneously, i.e.

¢FH(x) = arg max Lc(pk,QnC]f;Amuk) (10)

lqi (z)|<a;

k+1

pitl(z) == arg  max  Le(piphs, " u"); (D)

pi(x)<D;(x)

e Update the labeling functions w;(x),i =1...n—1, by

uft(z) = uf(z) — c(qi — pi + piv1) ().

The steps (10) and (11) of the above algorithm are dis-
tinct from Bae’s continuous max-flow algorithms [15] which
explore the optimization of the dual flow functions over each
layer sequentially. In practice, the new parallelized scheme
enjoys a faster convergence.

3. EXPERIMENTS

We implemented the aforementioned algorithm with a graph-
ical user interface and parallelized it using CUDA to achieve
both maximum interactivity and a high computational effi-
ciency, e.g. it segments the 3D cardiac volume with three
regions in one second. To cope with widespread image in-
tensity ranges (i.e. CT Houndsfield units), we employed 32
bin histograms for the maximum likelihood calculations of
each sample. The user was provided with three plane views
and a 3D scene containing the resulting segmentation labels
as rendered surfaces. The user can brush over the plane views
to sample intensities belonging to each label to feed the his-
tograms for maximum likelihood calculation. Additionally
we added a 2D region-growing algorithm for optional faster
sampling from these views. The two total variation regular-
ization weights a1 and oo from equation (6) are accessible
from the interface. Resulting continuous segmentation la-
bels from the optimization procedure were thresholded by a
value of 0.5 to discretize them and obtaining binary labels.
After a short introduction on how to use the interface, three
non-expert users were asked segment blood volume, myocar-
dial/vascular tissue and background respectively and repeat
this process five times with sampling on random inital slices.
Three image volumes from three different imaging modalities
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were emplyed in our study: 3D trans-esophageal echocardio-
grams (TEE) (Philips Healthcare, Andover, MA), contrast-
enhanced inversion recovery MRIs (Siemens Medical Solu-
tions, Malvern, PA) and cardiac CT (GE Healthcare, Pewau-
kee, WI). These images were cropped to a maximum region
of interest containing the entire visible heart. The gold stan-
dard against which the output of our algorithm was compared
were manual segmentations of the target structures. A dice
coefficient was employed as a measure of similarity. It was
weighted against the respective label size and the overlap of
all labels added to reflect the combined similarity of all seg-
mentation labels in each volume.

3.1. Results

Figure 3.1 shows surface-rendered results from three of our
segmentations. To visualize all three labels, the respective
opacities were set to 33% for background/thorax cavity, 66%
for myocardial/vascular tissue and 100% for the blood vol-
ume. From left to right we rendered one trans-esophageal
echocardiogram, a constrast-enhanced MRI and a cardiac CT.

The resulting dice metric (DM) and root mean squared er-
ror (RMSE) for blood volume(b) and myocardial tissue (m)
in [mm)] is reported in Tab 1. The RMSE represents the av-
erage error for the vertices of all surfaces. Resulting dice co-
efficients from our segmentations have a fairly low standard
deviation suggesting robustness towards user input, while re-
sulting in acceptably high accuracies. Further, we observe
that vascular trees are clearly visible and accurately contain-
ing the blood volume surface within the vascular/myocardial
surface.

DataSet | DM {0,1} | RMSE() | RMSE(m)
CT-1 | 0.88+£0.02 | 0.61 £0.93 | 0.80 £ 0.92
CT-2 | 0.88+£0.02 | 0.94 £ 1.56 | 0.71 £ 1.09
CT-3 | 0.87+£0.07 | 0.80 £ 1.27 | 0.86 + 1.38
mean | 0.88 - 0.04 | 0.78 £ 1.25 | 0.79 + 1.13
ceMRI-1 | 0.93 +0.02 | 0.51 = 0.85 | 0.33 £ 0.58
ceMRI-2 | 0.84 £ 0.03 | 0.76 £ 1.02 | 1.70 &= 2.32
ceMRI-3 | 0.91 +0.03 | 0.48 £ 0.90 | 0.47 & 0.84

mean | 0.90 = 0.03 | 0.58 £ 0.93 | 0.83+1.25

TEE-1 | 0.81 £0.03 | 0.64 £0.71 | .11 + 1.34

TEE-2 | 0.90 +0.01 | 0.22+0.29 | 0.19 & 0.52

TEE-3 | 0.86 +0.02 | 0.30 £0.34 | 0.30 &+ 0.32
mean | 0.86 = 0.02 | 0.39 £ 0.45 | 0.53 + 0.73

Table 1. Segmentation results from cardiac CT

We demonstrate a novel interactive approach to multi-modality
3D cardiac image segmentation, which applies the order of

4. CONCLUSIONS




Surface-rendered segmentation results

nested regions as the additional constraint. Experiments
show such a constraint helps to both lower user interaction
and improve the accuracy of segmentation results. The new
fully-parallelized continuous max-flow algorithm is proposed
and implemented on GPU to achieve a high efficiency of 3D
multi-region cardiac segmentation. We also test the reliability
and robustness of the proposed approach over MRI, cardiac
CT and TEE image data sets.

The proposed continuous max-flow approach is fairly
general, which makes it feasible to other medical segmenta-
tion tasks with a linearly overlapped order of regions, such
as brain and abdominal organ segmentation. Moreover, other
generic shape priors, e.g. star-shape etc, can be added to this
Max-Flow framework to improve segmentation accuracy and
efficiency.
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