Automated interpretation of cardiac scintigrams
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Abstract. The purpose of this study was to develop an automated
method for the segmentation of the heart in a 3-D cardiac scintigram.
This is immediately useful for eliminating a manual step in a previous
version of a decision support system.

The automatic segmentation method uses a statistical 3D-model, in-
spired by Active Shape, which locates the base and apex automatically
from a cardiac scintigram. Key features of this algorithm are that it can
handle cases where there is no or very little activity in the apex and also
if there are additional parts of the heart where there is little activity. The
algorithm has been tested on approximately 2000 cardiac scintigrams.

1 Introduction

When a cardiac infarction is suspected, a cardiac scintigram is a common exami-
nation procedure. At a number of hospitals in Sweden a decision support system
is used to analyze such images. The algorithm that is presented in this article is
part of that system, which now is fully automatic. The system helps physicians
with a second opinion in particular examinations.

A cardiac scintigram is a 3D voxel volume (3D image of size, 64x64x20 pixels
is typical) of a heart, see Figure 1.

Fig. 1. 20 of 23 image slices of a typical cardiac scintigram.
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In this figure the voxel volume is illustrated as a number of 2D-image slices,
which is a common way to present cardiac scintigrams. In the previous version
of the decision support system, the user manually had to select in which image
slice the top (lat. base) of the heart was present and in which slice the bottom
(lat. apex) was present. This is often difficult, especially if the condition of the
heart in question is bad. Since this task is of a subjective nature, the result varied
much among different physicians. A minor study of this problem made it clear,
that the choice of in what slice the top and bottom is present in a scintigram,
can vary as much as up to +2 image slices. Thus, the reliability of the former
system was questioned. A fully automatic system is not subjective in this sense
and would therefore eliminate the error induced by this variability. The system
would also be less interactive, less time-consuming, easier to use and thus more
accepted among physicians.

Here we propose to use a statistical 3D-model of the cardiac to find the
position and the shape of a previously unseen image. The method is described
in Section 2. In Section 3, results and experimental validation are given.

2 Method

The theory is much inspired by the work on Active Shape [3]. The main dif-
ferences are that the landmarks are located automatically and that the search
algorithm is adapted to scintigrams. Therefore the focus lies on these issues.

2.1 Automatic placement of landmarks

Many attempts have been made to automate the process of locating correspond-
ing landmarks. There have been many suggestions for 2D [1,2,7,8]. Local geo-
metric properties, such as geodesics, have been tested for surfaces [9]. In [5, 6]
the description length of the model is minimised to establish correspondences
even in 3D. This algorithm has shown to be successful, but it is too computa-
tionally expensive for our purposes. Here we suggest another method for locating
landmarks automatically.

A fairly geometrically simple model of the heart is presented in Figure 2. It
is a joined elliptic paraboloid and a cylinder. The boundary joining the elliptic
paraboloid and the cylinder we call the top-ring. Due to the nature of cardiac
scintigrams, landmarks are defined in one way on the cylinder and in another
way on the elliptic paraboloid. However, both rely on that the top-ring is located.
The landmarks position can easiest be illustrated using the simple model of the
heart, see Figure 2.

Locating the top-ring. Starting with the uppermost image slice of a scinti-
gram, intensity peaks are searched for along the k rays that coincide in the point
P’ of the image slice, see Figure 2. The point P’ is the x and y coordinates of
P (P is defined below). The line search is analogous to that in 3D, which is
described in the next paragraph.
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Fig. 2. To the left, our simple model of the heart. In the middle, the definition of
landmarks. To the right, searching for the top-ring.

The first tolerable intensity peak at a reasonable distance from the center
corresponds to the wall of the heart. If the wall has not been located in all &
search directions, continue searching the next image slice.

Definition of landmarks on the elliptic paraboloid. See Figure 2, nk
landmarks are defined on the elliptic paraboloid. The figure is schematic and
the landmarks will in general not lie on the elliptic paraboloid surface. Let P be
the center of gravity of the heart that has been masked out. The top ring and
P defines the angle «. Imaging a cone with top angle ia/n (i = 1,...,n) at P.
Place k rays equally distributed on the i:th cone through P. Varying i from 1 to
n, gives a total of nk rays through P. The strongest edges within a distance of
10 voxels from P along these rays defines the landmarks.

To be able to determine the position of the edges with sub pixel precision
along a ray, the image is interpolated with ideal interpolation followed by Gaus-
sian smoothing. This is approximately the same as using the Gaussian
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The extreme points of g(t) is located using Newton Raphson’s method.

Definition of landmarks on the cylinder From the landmarks defined on
the top-ring the edge is tracked in the z-direction. Once the edge is too weak the
search is stopped and k paths have been found. Along each path m landmarks
are equally placed given a total of mk landmarks on the cylinder.
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2.2 Training an Active Shape Model

Using the method described above, a number of landmarks, (m+ n)k, in cardiac
scintigrams from healthy patients can be located automatically. Once the land-
marks have been located, the theory of Active Shape in 3D [4] can be applied
straight ahead. This gives a statistical 3D-model of a cardiac, which will be used
to locate the heart in a previously unseen scintigram.

2.3 Fitting the 3D shape model to previously unseen images

First an overview of the fitting algorithm is presented.

Overview of the fitting algorithm

1. INITIATE THE MODEL

Scale the model and initiate its position. Nr of shape modes are zero.
2. LINE SEARCH

Searches in the normal direction at each landmark for

the strongest edge near the surface.
3. UPDATE MODEL PARAMETERS

(back to 2 until convergence)

Update model parameters using the located landmarks

ADD SHAPE MODE

(back to 2 until shape modes = max )

Algorithm 1 : Algorithm to fit the model of a heart to a
cardiac scintigram.

1) Initiate the model. To initiate the model the top-ring and the bottom of
the heart is located. This is done analogously as for the training set in 2.1. Since
it is not certain that it locates all directions, the top-ring is set to be the slice
where most directions are present. The bottom is the slice where least number
of directions is located within a number of slices from the top-ring. The model
is rescaled so that the top-ring and the bottom of the model corresponds to the
image.

First the number of shape modes are set to zero. This means that it only
translates and rescales the model in the first iteration.

2) Line search. At each landmark the normal is defined from its neighbors. A
line search analogously to that described in 2.1 locates the nearest surrounding
strongest edge. If an edge is located the coordinate of that landmark is updated.
If no edge is located that landmark will be excluded from the calculation of the
new model parameters.

3) Update model parameters. Applying Active Shape [4] the shape x is
described as
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where X is the mean shape. ® is a m X n matrix with orthogonal columns
containing the n number of m x 1 vectors of variation. The shape parameters b
can be resolved by

b=®T(x-%) . (2)

Let z; be a missing landmark, corresponding to an edge that was not found in
the second step sbove. Excluding the i:th row in (1), b can still be resolved as in
(2), if only m > n— 1. If there are p missing landmarks, b can still be resolved if
m > n — p. Putting b into (1) the shape x is retrieved. The missing landmarks
can thus be estimated to be the most likely, given the non-missing landmarks.

3 Results

Fig. 3. To the left a snapshot of a new decision support system. To the right the slice
number 12 and 16 of a cardiac scintigram are plotted together with its modelled heart.

The algorithm presented in this paper has been implemented in java and
incorporated in the client version of a decision support system, see a snapshot of
it in Figure 3. The snapshot shows the 3D visualization of the heart. A physician
can rotate it in any angle and easily determine where the diseased area is (dark
areas are diseased). The client version can be obtained at www.weaidu.com. The
decision support system is currently used at approximately 15 hospitals in Swe-
den, Denmark, Finland, England and Italy. More than 2000 cardiac scintigrams
have been analysed by the decision support system, including the active shape
method. Two experts have studied approximately 500 of the 2000 cardiac scinti-
grams and They found that more than 99% of the cases were properly analysed
by the new algorithm. The remaining cases have been automatically detected
for manual processing.

4 Discussion

The purpose of this study was to develop an automated method for the seg-
mentation of the heart in a cardiac scintigram. This is immediately useful for
eliminating a manual step in a previous version of a decision support system.
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The segmentation problem is difficult because there can be large parts of
the heart wall that are not visible in the cardiac scintigrams. The segmentation
method needs to be able to handle this. In this paper we have shown how prior
knowledge of heart shapes can be obtained and used to segment the heart.

In our next study we will more focus on what information that can be drawn
out of the shape description. The shape and the condition of the heart are
correlated.
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