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ABSTRACT

The purpose of the presented work is the automatic localization of the heart from 4D multi-slice magnetic
resonance images (MRI). Well known active contour extraction techniques such as \snakes" or \balloons" require
precise initialization which is mostly done interactively by the user in existing systems. A new method for the
automatic initialization of such models is presented here for application on 4D MRI dataset acquired from the
human heart. The method consists of two main steps: a global localization of the heart and a coarse initialization

of the contours. Furthermore, it is shown how this initialization can be used for an automatic �ne segmentation
by an active contour model.

The temporal analysis of the heart beat cycle is well suited for localization purposes. A \temporal variance
image" is thus �rst computed at each spatial slice location. These variance images consistently highlight the
heart due to its wall movement and the heavy blood ow. By thresholding the variance images, projecting them
into a single image, thresholding again and selecting the largest resulting object, a \binary con�dence mask" is

computed for the heart region. This mask allows us to extract one binary image of the heart for each spatial slice
location, regardless of temporal location.

In the initialization stage, an \initial contour" is matched to each of these masked images by a�ne transform,
adapting size, location, aspect ratio and orientation. Initial contours may be acquired from a prede�ned model. In
absence of such a model, ellipses were successfully applied as generic initial contours. For this stage, 2D contours
were used; however, extensions to 3D are straightforward.

The a�ne adapted contours are then considered as initialization for a multi-step active contour model for the
accurate extraction of the heart walls: the contours are deformed according to the masked binary images, further
re�ned on the temporal mean images for each spatial slice location, and �nally the outer heart walls are tracked
over time on the actual images at each spatial slice location. This approach, making use of existing active contour
models yields an e�cient and robust method for an exact extraction of the heart contours.
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1 INTRODUCTION

This paper presents a novel approach to heart localization in 4D magnetic resonance imaging (MRI) datasets.
The provided dataset is composed of 17 parallel images of the heart and for each of these, 16 images representing
the di�erent phases of the heart cycle. The acquisition was cardiac-gated to provide the phase images. A spatial
magnetic presaturation of the blood before it enters the image slice is applied. This leads to so-called \dark-blood"
images with better contrasted contours. Some of these images are presented in Figure 1. Note that throughout
this paper, the �gures always display the third, seventh and eleventh slices {out of the 17-slices set{ when di�erent
spatial slice location are presented.

Figure 1: Examples of transverse dark-blood images extracted from the 4D MRI dataset. (Top line: parallel
spatial slice locations; bottom line: other temporal slice locations for corresponding slices)

Well known active contour model techniques {such as snakes6 or balloons5{ provide proven methods for the �ne
segmentation of object contours. However these techniques need to be initialized su�ciently close to the target
contour to guarantee stable convergence. This important problem leads to the task of �nding an approximate
position and pose of the heart within the given image set, and to adapt an initial contour model accordingly. By
exploiting this kind of approach, one will be able to reuse existing accurate segmentation algorithms.

According to these di�erent steps, the paper is organised as follows: �rst, a coarse but automatic localization
of the heart is described in Section 2 leading to the de�nition of a mask representing the heart region; then an
initial contour {a \template"{ is �tted to the masked images in Section 3. This e�cient initialization is then
validated in Section 4 by applying it to active contour models. Finally, Section 5 draws the conclusions and gives
some hints about future works.



2 AUTOMATIC LOCALIZATION OF THE HEART

In this section, a new approach is presented for the automatic localization of the heart in 4D image sets based
on the temporal variance of the image gray levels. The method results in a binary image of the heart for each
spatial slice location. These images are then used in Section 3 to adapt position, orientation and size of model
templates which in turn are a suitable input for �ne segmentation with active contour models or balloons.

Di�erent approaches to the problem of localizing an object {in our case, the heart{ in a cluttered scene could
be used and combined, including:

� manual outlining of all contours by an operator;

� model-based approaches using spatial relation within the image scene such as relative position of the heart
with respect to the outer upper body contour or other easily detectable organs as lungs or spine;

� region-based approaches using texture and gray level information;

� template matching, implemented by the generalized Hough transform1;

� use of special properties of the tissue to be segmented.

As the goal is to develop a method that shall work without human intervention and for di�erent image perspectives,
the �rst two approaches are ruled out. Due to the large di�erences in gray level and texture for di�erent MRI
techniques, methods based on these features do not seem to be very promising either. Rigid template matching7

is computationally expensive and not well suited to detect a highly deformable object such as the heart, and has
been con�rmed experimentally. An example for a complex multi-step approach using fuzzy Hough transform11

and region growing is reported by Philip et al.12 However, the algorithm only works for transversal images and
relies on the presence of other body features besides the heart in the images, such as chest wall and the left lung.

In this approach, the fact that the heartbeat motion is a unique and strong movement is exploited, indepen-
dently of the perspective and �eld of view. The heart localization is based on the analysis of the image gray
level variance over time. Details are presented in Section 2.1. The inclusion of spatial information leads to the
de�nition of a mask in Section 2.2, while Section 2.3 briey presents the direct adaptation of the method to
datasets restricted to \2D + time" images.

2.1 Analysis of the temporal variance

This work is based on 4D image sets and subsets. A 4D image set is de�ned as a mapping I(p) : II 7! IR

with the image set domain II = fp = (x; y; l; t)g where x = 1; 2; : : : ; X; y = 1; 2; : : :; Y are the image coordinates,
l = 1; 2; : : : ; L is the spatial slice location, and t = 1; 2; : : :; T is the temporal slice location. This means the set
contains L � T images I(x) with x = (x; y) at L di�erent normalized spatial locations l orthogonal to the image
coordinates (x; y) and T di�erent normalized discrete times t. To simplify the notation throughout the paper,
Itl (x) will denote a single image at spatial location l and temporal location {e.g. time{ t.

2.1.1 Computation and Interpretation

Let I be a given 4D image set. For analysis of the heart motion a set M of L temporal mean images at each
slice position l

Ml =
1

T

TX
t=1

Itl (1)



is computed and from that a set V of variance images

Vl =
1

T � 1

TX
t=1

(Itl �Ml)
2: (2)

It was experimentally determined that within the outer contours of the heart, the temporal variance has
large values with high probability. Outside the heart generally smaller values are found, independently of MR
acquisition technique or perspective. The reason for this is the movement of the heart walls during the cardiac
cycle and the associated heavy ow of blood in the heart. Figure 2 shows some examples for di�erent spatial slice
locations. Position, size and orientation of the heart can be well seen. Especially, the heart is well separated from
the surrounding bone tissue, as opposed to the situation in actual images.

However it is also evident that there may be other areas of high variance in the image, caused for example by
movement of the patient body or breathing during the image acquisition. Some movement artifacts will probably
be reduced in the future by even faster acquisition techniques.3 One still needs to deal with variance peaks
generated by other organs within the �eld of view, and with a reasonable amount of movement and imaging
artifacts. Furthermore, the variance value is not constant within the heart: blood vessels and the walls of the
left ventricle generally show higher variance. These facts are taken into account by binarization for the further
processing, as discussed below.

Figure 2: Examples of computed variance images

An interesting side aspect of this work {aiming to localize and segment the outer heart contours{ may be
the direct use of the variance images for diagnostic purposes. Especially disturbed movement and blood ow in
non-healthy hearts may be well visible. The idea has been discussed with some physicians: more experience with
images of pathologic organs has to be gained before any �nal conclusions can be drawn.

2.1.2 Thresholding

The variance images Vl are then thresholded to obtain binary images outlining the heart. Additional objects,
resulting from the various noise sources described above, are still tolerated at this step. Experimentation showed
that it is advantageous to threshold the Vl so that a given number of pixels sH {representing the expected maximal
size of the heart{ is set to one, and the rest to zero. This threshold sH is �rst assumed to be knowny. A completely
data-driven automatic threshold estimation is suggested further in Section 2.1.3.

The threshold for binarization is found by �rst computing a histogram hVl
(v) and then �nding the largest

yThis parameter can be easily estimated by a trained physician (in a metric unit needed then to be converted to pixels). Further-
more, the algorithm showed to be insensitive to miss-estimation of sH up to a factor of 2.



value vTl for which the inequality Z vmaxl

vT
l

hVl
(v)dv � sH (3)

holds. The thresholded variance images are then obtained by setting

VT
l (x; y) =

�
1 if VT

l (x; y) > vTl
0 else

(4)

Thus, approximately sH pixels with the largest variance values are kept in each image. Note that vTl is generally
di�erent for each spatial slice location l.

Figure 3 shows some resulting images. It can be seen that the heart is well outlined in all images with only
few blank spots within. On the other hand there are also noise clusters present which may in some cases be even
larger than the heart. This is addressed by the use of a con�dence mask described in Section 2.2. The results
for di�erent choices of sH are compared in Figure 4 where the heart is visibly well outlined in all images. In the
lower images, at a spatial slice location where the heart cross section is maximal, we note that some parts are
missing for sH = 2500. The algorithm will however work with both extreme cases shown in Figure 4, although
they are close to the feasible limits.

Figure 3: Variance images after thresholding for di�erent spatial slice locations

2.1.3 Automatic determination of the threshold

From Figure 4, it can be seen that the thresholded variance image contains only one large object for correctly
chosen heart size. For underestimated heart size, the heart is broken up in several smaller parts; for larger
objects, additional noise clusters are visible. This observation is used to suggest a method for the automatic
optimal determination of sH : the threshold vTl (sH;i) are computed according to (3) for di�erent values sH;i of the
estimated heart size, resulting in di�erent binary variance images for the di�erent thresholds (see Figure 4). In
each image, the size of all connected objects is computed and from that the ratio of the size of the largest object
to the sum over all other objects.

The value sH;max where this ratio is maximal has been found to be a good indicator of the heart size. As the
latter processing is better suited to an overestimation, sH was set to sH = " nH;max with a multiplicative factor
". In our experience, 1 � " � 2 were suitable, and the choice of " = 1:25 was successfully used. A coarse iteration
of sH , using approximately ten di�erent values, is enough for practical application. Furthermore, it is su�cient
to determine sH only for one slice and use the value found for all others as well.



Figure 4: Variance images thresholded to keep (from left to right) 2500, 5000 and 10000 pixels, for 2 (top and
bottom) di�erent spatial slice locations

2.1.4 Morphological cleaning of the binary images

The \salt-and-pepper" noise observed in the thresholded variance images is removed by a morphological
cleaning operation.2 This operation, although not absolutely necessary, was used to increase the accuracy and
robustness of the process. For each pixel (x; y) in VT

l , let

VT
l (x; y) =

8<
:

1 if
P


r(x;y)
VT
l (u; v) > nmax

0 if
P


r(x;y)
VT
l (u; v) < nmin

VT
l (x; y) else

(5)

where 
(x; y) is a neighborhood around pixel (x; y). We used 5 � 5 square windows, yielding 24 neighbors for
each pixel, nmax = 15 and nmin = 11. This parameter choice removes small objects of up to 10 pixels, erodes
small protrusions and closes holes of up to 9 pixels. Note that the images in Figures 3 and 4 are already cleaned
using (5).

2.2 Including spatial information: using a mask

It was shown in Section 2.1.2 that the heart region is visible in all L slices of the thresholded variance images
VT
l , whereas the noise is more randomly distributed within the images, and other organs typically extend only

over few slices. This is used in the following steps to build a binary mask outlining the heart region:

1. The thresholded and cleaned variance images are added together to get a raw maskMr =
PL

l=1V
T
l .

2. The raw mask image is then thresholded to get a binary mask image:

Mb(x; y) =

�
1 if Mr(x; y) > rtL

0 else
(6)



The threshold ratio rt determines in which fraction of the L single variance images a pixel has to be present
to be considered in the mask. It was �xed at rt = 0:25 in our implementation. It is noteworthy that this
value is rather uncritical for the results: in some experiments, 0:15 � rt � 0:5 was found to be valid. Note
also that this two-stage thresholding procedure is necessary for success. It is not feasible to just add the
variance images Vl as their dynamic range may be quite di�erent.

3. The binary maskMb now approximately outlines the maximum projection of the heart in the image stack
but still contains noise clusters as well. However the heart corresponds to the largest cluster in the image.
All pixels not corresponding to the largest object are thus set to zero, resulting in the �nal binary maskM.

4. The cleaning operator (5) is now applied to M in order to slightly dilate the outer contour and �ll in small
holesz. This cleaning step is not strictly necessary and could be left out but was found bene�cial for the
robustness of the algorithm.

The generation of the mask M is illustrated in Figure 5. By point-wise multiplication with M, the heart
region is extracted out of the thresholded variance images VT

l . The resulting binary imagesx VM
l are shown

in Figure 6 for the same spatial slice locations as in Figure 3. They are then used to estimate the position,
size, aspect ratio and orientation of the heart and match an initial contour by a�ne transform as described in
Section 3. Eventually some more morphological operations to close holes and remove small objects could be
performed. However experimentations showed that this is generally not necessary.

Figure 5: Binary mask for the heart region. From left to right: summation of binary variance images, thresholded
raw mask, and largest object selected as �nal mask

Figure 6: Masked variance images for di�erent spatial slice locations

zThe parameters used here are 5� 5 neighborhood, nmax = 10 and nmin = 7.
xNote that here, the superscript notationT stands for \thresholded" variance image, whileM stands for \thresholdedand masked"

variance images containing only the heart. There are L di�erentVM

l
.



2.3 Adapting the algorithm to \2D + time" datasets

The algorithm described in Sections 2.1 and 2.2 does not strictly rely on a full 4D dataset with L > 1. In
the case of L = 1, the binary mask before selecting the largest object is identical to the thresholded variance
image VT of the single spatial slice location and the object corresponding to the heart can be directly selected.
However the selected object must really be the heart. This is not necessarily guaranteed in the case of \2D +
time" data{, so that additional information has to be used. A very simplistic approach that nevertheless has
been found to be quite e�ective is to multiply the variance image V with a real valued a priori con�dence mask
Mp before thresholding as in the preceding case. A two dimensional Gaussian function

Mp = e
� 1

2 sH
(x��p)

T(x��p)

is suitable. For the a priori mean �p the middle of the image [X=2 ; Y=2]T can be used in absence of other
knowledge. Doing so, we successfully detected the heart in all available \2D + time" image sets.

3 EFFICIENT INITIALIZATION

The binary images VM
l obtained in Section 2.2 or 2.3 are next used to adapt a contour model of the heart

by a�ne transform, resulting in valid initial conditions for fully automatic �ne segmentation by active contours,
further described in Section 4. The following implementation uses 2D discrete-point contour templates, de�ned as
initial contours in Section 3.1, which are independently adapted to each slice as described in Section 3.2. This has
the advantage of low complexity and is suited for sparse datasets with large inter slice distancesk . An extension
to 3D models, as used by Park10 or Terzopoulos9 is straightforward however.

3.1 Initial contours

An initial contour�� CI
l can be obtained from various approaches. The following ones were considered, imple-

mented and compared for the purpose of this work:

� Model-based initialization using a generic or speci�c model of the heart. Two dimensional templates can
be obtained by intersecting three dimensional models.

� Using the results of previous segmentations as initial contours, either the already extracted contour of a
neighboring slice or a set of contours from a previously acquired MRI dataset with comparable parameters.

� Automatic initialization as unit circle, which is equivalent to modeling the heart cross sections as ellipses.
This simple approach has been found to be very accurate and e�ective. Drawbacks are that there is no
control on either inclusion or exclusion of smaller features {such as the aorta for transversal images{ and
that in some situations {namely sagittal and long-axis views of the heart{ ellipses are not the best model.

3.2 Adaptation of the initial contours

To adapt an initial contour CI
l to each of the binary images VM

l , the location, size, orientation and aspect
ratio of the heart need �rst to be estimated from the images. The location, expressed by the center of gravity, is

{In fact, in the lowest and topmost images of the dataset, the heart is not necesseraly the largest object in thresholded variance
images, as can be seen in left images of Figures 3 and 4.

kLarge in comparison to the inter pixel distance
��Accordingly to the previously de�ned notation of VM

l
, the superscript notation I of CI

l
stands for \initial contour". There are

L di�erent initial contours: one for each spatial slice location l.



computed as

�Vl
=

1

sVl

XX
x=1

YX
y=1

xVM
l (x; y) (7)

where sVl
is the estimated size of the heart {de�ned as the number of non-zero pixels{ and x = [x; y]T. For the

estimation of the orientation and aspect ratio of the heart, we �rst need to compute a 2� 2 covariance matrix

�
V
M
l
=

1

sVl
� 1

XX
x=1

YX
y=1

(xxT � �Vl
�T
Vl
)VM

l (x; y) =MT
Vl
�Vl

MVl
: (8)

The Karhunen-Loeve transformation15 is then applied to expand the covariance matrix where �Vl
is the

diagonal matrix of the eigenvalues of �
V
M
l
andMVl

is the orthonormal matrix of the corresponding eigenvectors.
These entities allow to estimate aspect ratio and orientation.

Similar features for size, location, aspect ratio and orientation can be computed for a contour.16 This leads to
matching the initial contours CI

l globally to the binary variance images by a�ne transform such that the features
of contour and heart are equivalent. This is done separately for each slice position l. Details are omitted here for
brevity and can be found in the references.16

Note that in some cases where detailed model contours can be provided, it can be advantageous not to correct
the rotations based on the eigendecomposition of the variances. Instead, a priori knowledge about the orientation
of the heart, gained from the image �le headers, can be used.

The resulting contours CA
l {globally adapted to the heart position{ are close enough to the heart outline to

be a suitable input for an active contour model, as detailed in Section 4. Figure 7 shows some examples for
the adaptation of model-templates (top) and automatically generated ellipses (bottom). It is visible that both
model-based contours and ellipses match the contours well with only few di�erences. Notably, the model-contour
�ts better at the topmost slice. The aorta is visibly excluded by the model-contours {as intended by the authors{
whereas the ellipses intersect this vessel near the middle. This predictable exclusion {or inclusion{ of smaller
features is a further advantage of the use of model-contours.

4 FINE SEGMENTATION USING SNAKES

In this section, a brief focus is put on how active contour models {also called snakes{ are used for the �ne
segmentation of the heart contours. It is assumed that the target has been globally localized and contours CA

l

have been adapted accordingly. These provided contours now need to be locally deformed for �nal segmentation
which is done in an e�cient multi-step approach, using the already computed variance and mean images. The
intrinsic energy property of the snakes is �rst resumed in Section 4.1, while the application of this technique is
developed in Section 4.2 within a multi-step �ne segmentation approach.

4.1 Active contour energy formulation

Snakes, �rst introduced by Kass et al.6 as a method for image segmentation and object outlining, are curves
with an associated energy functional E = Eext+Eint typically composed of an external energy or image force Eext

pulling the curve towards desired features {e.g. intensity edges{ and an internal energy Eint expressing smoothness
or model constraints. The snake is then driven to the desired outline by (globally or locally) minimizing this
energy. Thus energy formulation and initialization are important for performance. Many improvements to the
original snakes and their energy have been suggested, often for application to medical imaging problems.5,13,4



Figure 7: Initial contours adapted to the variance images by a�ne transform. (Top row: model contours; bottom
row: initialization as circle. Left to right: three di�erent spatial slice locations)

The external energy of our snake is computed from an edge map generated by applying a Prewitt edge
operator14 to the image after blurring with a Gaussian kernel. The external energy of a contour point is then
found as inner product of contour normal and the so-computed image gradient. The internal energy is computed
following the a�ne invariant model-based approach of Lai8,7 but extending it by the addition of a smoothing
term and inter-contour relations.16

4.2 Multi-step �ne segmentation of the heart contours

To increase segmentation robustness and computational e�ectiveness, a multi-step approach was prefered for
minimizing the snake energy, utilizing di�erent images and snake performance parameters for each step:

1. In a �rst step, the globally adapted initial contours CA
l are locally deformed using the already computed

binary variance images VH
l for external energy computation. This step performs major deformations

necessary to adapt the form of the initial contour CA
l {which is already globally adapted by the a�ne

transform{ to the outline of the individual imaged heart. As adaption to �ne details is not needed at this
point, emphasis was put on internal energy, and a relatively large search space was chosen accordingly.

2. The temporal mean images Ml are then used in a second minimization step. This step is aimed to closely
follow the contour of the heart. The mean images Ml are used because small details and spurious edges
are not present there, enhancing the robustness of the algorithm. The search space is still relatively large,
emphasizing the internal energy.

3. The last step exploits the single images Itl {for all spatial locations l and temporal locations t{ as external
energy resource for the further minimization of the snakes resulting from the preceding steps, tracking the
heart wall motions. For optimization of search e�ciency, we start with one image Itl and extract contour
Ct
l , using the result of step 2 as initialization. This contour Ct

l is then used as initialization on It+1
l for



extraction of Ct+1
l , which is then used as initialization on the next image and so on. As the contours already

match closely, the search space can be reduced.

This multi-step approach allows the use of generic initial contours {ellipses{ which are then step-by-step
adapted to the image features. If model contours are available, the internal energy can be emphasized and the
search space reduced. This method is e�cient as the �rst two steps with larger search region can be performed
with a fairly small number of contour points which then can be up-sampled before the third step using spline
techniques. Furthermore, this contour extraction technique is robust and fully automatic. It also allows an
implementation in which the user can interact and correct the position of single points {e.g. using a mouse{ if
desired. This was found particularly useful after the second step for the lowest and topmost spatial slice locations
which exhibit much clutter.

Figure 8 shows the resulting contours on the images for a speci�c spatial slice location after completion of the
di�erent steps. The tracking of the �nal contour done in the third step can also be very well demonstrated by a
computer animation displaying as a movie the images with contours projected on them.

Figure 8: Snake minimized on a binary variance image (left), on the corresponding mean image (middle) and on
an actually acquired image (right)

5 CONCLUSIONS

This paper presented a novel approach to the localization and the contour extraction of the human cardio-

vascular system from a 4D MRI dataset. The key-points of this method are its ability to use all the motion
information provided by the data for localization purpose, to use model-based templates or simple generic templa-
tes for a coarse initialization of the contours, and to e�ciently extract accurate heart contours in a multi-step
segmentation process.

An interesting feature of this method is its ability to extract the contours of the heart independently of any
user interactions. This was up-to-now a pending challenge for physicians, as the existing techniques often require
an initialization stage mainly done by the user. The proposed automatic technique copes with this initialization
stage, while taking advantage of existing active contour techniques.

Results of heart wall contour extraction were successfully obtained on transverse 4D MRI datasets. Future
works will focus on the extension of the whole technique to 3D and 4D active contours, as well as the introduction
of new features such as organ tracking and the common development of visualization tools.
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