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ABSTRACT

A level set-based method for tracking the endocardium

from 3D ultrasound images is presented. The tracking pro-

cess is initialized by a manual delineation and performed au-

tomatically. The method does not use a shape prior model,

removing the requirement of acquiring large sets of training

data, and providing adaptivity for abnormal cases. At each

image frame, the edge strength is estimated and locations with

strong edges are used to compute the region-based surface de-

formation, which is then propagated to the rest of the image

volume. The approach is evaluated with 10 sequences of ca-

nine subjects including 5 ischemic image sequences. The re-

sults show that the method performs with error values below

the interobserver variability of manual segmentation, and is

able to robustly follow the cardiac wall movement.

Index Terms— tracking, 3D echocardiography, level set

methods

1. INTRODUCTION

Even with the constant introduction of new cardiac imaging

techniques, echocardiography remains the mainstay of clini-

cal diagnosis of various cardiac diseases including heart fail-

ure [1], coronary vessel disease (via stress echo) [2], conduc-

tion abnormalities such as bundle branch blocks (via tissue

doppler/ strain imaging) [3] and various cardiomyopathies.

Ease of use and low cost have contributed to the prolifera-

tion and importance of 2D echocardiography. Real-time 3D

echocardiography (RT3DE) has the potential to not only im-

prove current methods of diagnostic imaging, but also to al-

low for assessment of parameters that cannot be accurately

measured in 2D. Although RT3DE machines have been avail-

able for over a decade, 3D echo has not been as widely ac-

cepted in the clinical field. Presently, RT3DE is still primar-

ily used for structural (rather than functional) evaluation, i.e.

for assessment of congenital heart disease [4]. In the few pub-

lished studies where RT3DE is used for functional evaluation,
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i.e. for assessment of mechanical dyssynchrony [5], diag-

nosis relies on segment-based analysis of simple secondary

measures such as “time to minimum systolic volume” calcu-

lated from the standard 16-segment LV model. In the realm

of post-MI follow-up, RT3DE is also used in a “segmental”

nature, with evaluation limited to differential volumetric mea-

surements [6].

We believe that the limitations in application of RT3DE to

clinical echocardiography arise from the sparse collection of

tools available to clinicians for analyzing the large and com-

plex datasets generated by this powerful technique. Auto-

mated tracking of the cardiac wall is a challenging task due

to missing edge information, speckle noise, subject variabil-

ity and variation in intensity distributions. In previous work,

shape priors are effectively used [7, 8]. However, shape pri-

ors have two major disadvantages: they require a significant

amount of training data and they may not be able to cope

well with abnormal cases. Other recent work includes meth-

ods based on a Kalman filter [9], optical flow [10], and an

approach combining structural and textural information [11].

Also, methods based on deformable models have previously

been used for segmentation of the endocardium [12, 13].

To assist clinicians in visualizing and interpreting 3D

echocardiograms, we propose a technique for automatic

tracking of the endocardial wall based on a manual bound-

ary initialization, without using a shape prior. In the present

work, we describe the implementation and evaluation of the

method in normal as well as ischemic cases.

2. METHODS

2.1. Data Acquisition

The data used in this analysis was acquired from five open

chest dogs. The research protocol was approved by Columbia

University’s Institutional Animal Care and Use Committee.

Anaesthesia was induced with propofol and was maintained

using inhaled isoflurane. A lateral thoracotomy was per-

formed and the pericardium was opened and sutured to the

chest wall to expose the left ventricle. Sutures were placed

around the left anterior descending (LAD) and left circum-

flex (LCx) coronary arteries or their branches at proximal
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Fig. 1. Stages of the tracking method for step i

and distal sites. More details on the experimental set-up are

available in [14].

The apical RT3D echocardiograms were then acquired us-

ing a Philips iE33 ultrasound system (Philips Medical Sys-

tems, Andover, MA). A single cardiac cycle consisted of 10-

12 frames. To facilitate stable imaging of the region of inter-

est (LV), a silicone gel standoff (Aquaflex, Parker Laborato-

ries, Fairfield, NJ) was placed between the ultrasound probe

and the apex of the heart. At the conclusion of the experi-

ment, all dogs were euthanized by injection of pentobarbital

sodium and phenytoin.

2.2. Tracking method overview

The tracking method finds strong edges along the boundary

of the previous frame, computes the new deformation at these

locations, and then extends the deformation. Each tracking

step includes five stages: 1) preprocessing of input image, 2)

level set function initialization, 3) edge strength estimation,

4) front propagation and 5) computation of full deformation.

The stages are represented in Fig. 1. As input, each step i
requires the tracking result from the previous step Ti−1, prob-

ability volume from previous step Pi−1, and the new raw im-

age volume Ii. For the first tracking step, Ti−1 = T0 is the

manual delineation, and P0 is the preprocessing result (see

Section 2.3) for image I0.

2.3. Preprocessing

In the following, x ∈ Ω defines an image point within the

image domain Ω. Also, let μ0 and σ2
0 represent respective

mean intensity and variance of image points inside the initial

manually delineated boundary T0.

(a) (b) (c)

(d) (e) (f)

Fig. 2. Illustration of the main stages of the method in a single

tracking step: a) Initial boundary Ti−1 with corresponding

image Ii−1, b) filtered image I ′i−1 , c) probability volume

Pi−1, d) edge strength estimate Ei, e) Pi at narrow band mask

Mi, f) tracking result Ti overlaid on Ii

At each tracking step i, the new image volume Ii is first

filtered I ′i = Gσ2(Ii) by a Gaussian kernel G with variance

σ2 = 1.5 (see Fig 2b). The probability volume Pi is then

obtained using the sigmoidal function

Pi(x) =
1

1 + e−α(I′
i(x)−β)

(1)

where α = ωασ
2
0 and β = μ0+ωβσ

2
0 with empirically chosen

scalar weights ωα = 0.05 and ωβ = 0.1. An example of Pi is

shown in Fig. 2c.

2.4. Level set function initialization and edge strength es-
timation

The initial level set function φ0
i = φi(x, t = 0) is obtained by

computing the signed distance function with the fast march-

ing method [15] to the boundary of Ti−1. The edge strength

Ei in Pi−1 is then estimated along the zero level set of φ0
i :

Ei(x) = Pi−1(x + g(x)) − Pi−1(x − g(x)), where g(x) =
∇φ0

i (x)/||∇φ0
i (x)|| with ∇ being the gradient operator. An

instance of the edge strength estimate is shown in Fig. 2d.

The narrow band mask Mi is then constructed for defining

which parts of the image have a strong edge and can be used

for front propagation:

Mi(x) =

{
1 x ∈ xE + a∇φ0

i (xE)/||∇φ0
i (xE)||

0 otherwise,
(2)

where xE = {x|Ei(x) > 0.3} and −dnb < a < dnb, dnb be-

ing the narrow band width, which has to be sufficiently large

to include the cardiac wall deformation in one frame. An ex-

ample of the mask Mi together with the corresponding values

of Pi within Mi are shown in Fig. 2e.
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2.5. Front propagation and full deformation

The propagation of the front is prescribed by the standard par-

tial differential equation for level set methods [16]:

φt(x, t) = Pi(x)||∇φ(x, t)||+ ωκκ(x, t)||∇φ(x, t)|| (3)

where κ(x, t) is the mean curvature of the interface [15], and

ωκ = −0.15 is a weight for balancing the influence of the cur-

vature term. The front propagation is performed only within

the narrow band Mi, and the output is denoted as φf
i .

For the last stage, we define a deformation field Di(xM ) =

φf
i (xM ) − φ0

i (xM ) for xM = {x|Mi(x) = 1}. Then this

deformation is extended for other points xO

Df
i (xO) = μ(Di[xM ∈ N(xO)]), (4)

where μ denotes the mean and N(xO) defines the neighbor-

hood of xO as all the points on the axial slices within 1 mm

of the axial slice of xO. The final delineation Ti is given by

the zero level set of Gσ2(φ0
i + Df

i ), where σ2 = 3.5. For

lower quality data, the neighborhood size should be increased

to keep the interface moving at possible large gaps in Mi.

3. RESULTS

3.1. Data and evaluation measures

The evaluation data consisted of 5 canine subjects with two

sequences each, a baseline sequence and another obtained af-

ter ischemia induced via occlusion of the LAD or LCx. For

each sequence, manual delineations by two clinicians were

available, at the end diastolic and end systolic phases.

The tracking method was initialized with one of the man-

ual delineations in the end diastolic phase. Tracking was per-

formed until end systole, with the sequence including 6 or 7

image frames in total, depending on the subject. The track-

ing result was then evaluated against the corresponding man-

ual delineation of the same observer as the initialization. The

delineation by the other observer was used to quantify inter-

observer variability. The delineations were compared with

the following five measures [17]: i) volumetric overlap error

[%] (OE), ii) relative absolute volume difference [%] (VD),

iii) average symmetric surface distance [mm] (SD), iv) root

mean square (RMS) symmetric surface distance [mm] (RD),

and v) maximum symmetric surface distance [mm] (MD).

3.2. Evaluation results

The results for baseline images and ischemic images are pre-

sented in Tables 1 and 2 respectively. An example of a result

is shown in Fig. 3.

The mean overlap error values, 18.23% for baseline im-

ages and 22.54% for ischemic images show that the method

achieves high accuracy, and the error values of the devel-

oped tracking method are consistently smaller than the inter-

observer variability. For example, the mean overlap error of

Table 1. Evaluation results for baseline images, for presented

automatic method (Aut.) and interobserver variability (Inter.)

OE VD SD RD MD

Aut. Mean 18.23 8.58 0.98 1.30 4.80

SD 2.12 4.60 0.10 0.15 0.87

Worst 21.15 16.12 1.14 1.52 6.31

Best 15.39 4.59 0.86 1.11 4.15

Inter. Mean 26.27 18.87 1.52 1.88 6.13

SD 9.26 14.79 0.73 0.78 1.51

Worst 39.91 39.66 2.60 3.04 8.39

Best 19.67 6.14 1.02 1.35 5.23

Table 2. Evaluation results for ischemic images, for presented

automatic method (Aut.) and interobserver variability (Inter.)

OE VD SD RD MD

Aut. Mean 22.54 13.68 1.29 1.64 5.39

SD 4.04 8.50 0.33 0.36 0.84

Worst 28.21 26.74 1.63 2.00 6.41

Best 18.10 2.94 0.86 1.14 4.43

Inter. Mean 28.37 24.98 1.69 2.16 7.71

SD 7.79 9.87 0.66 0.68 0.99

Worst 39.97 39.70 2.76 3.27 9.48

Best 21.13 16.16 1.20 1.56 7.18

the method is 8 percentage points smaller for baseline images

and almost 6 percentage points smaller for ischemic images

than interobserver variability. The robustness of the method

is evident from the lack of significant errors in the automatic

tracking results, with worst overlap error being 21.15% for

baseline and 28.21% for ischemic, and worst maximum sur-

face distance being 6.31 mm for baseline and 6.41 mm for

ischemic cases. It is noted that the two observers disagreed

especially for one delineation where the volume difference

and overlap difference were close to 40%.

The mean symmetric surface distance and maximum dis-

tance values (0.98 mm and 4.80 mm for baseline, 1.29 mm

and 5.39 mm for ischemic) show that the surface of the track-

ing result is close to the manually delineated surface. The er-

ror values and the interobserver variability are slightly higher

for the ischemic images than for the baseline images.

4. DISCUSSION

The accuracy of the technique was demonstrated to be higher

than the range of interobserver variability, while providing a

significant advantage in terms of time and objective quantifi-

cation of data at much higher resolutions than afforded by

segmental LV models. The average and maximum surface

distance values show that the surface produced by the track-

ing method can be reliably used for quantification of cardiac

wall motion.
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(a) (b) (c)

Fig. 3. Example of baseline image tracking result in the end systolic phase after 7 frames, with automatic tracking result in red

and manual reference delineation in green.
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