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Abstract. Construction of realistic models of the muscle fibers in my-
ocardium is relevant for simulating the electro-mechanical behavior of
the heart. Advances in microscopy imaging have improved the poten-
tial for visualization of the 3D distribution of myocytes. In this paper,
we propose an approach to identify cardiac fibers structures, in multi-
photon confocal microscopy images. Our method is based on contrast
invariant features such as the multi-scale local phase image, to obtain a
tensor representation of the local structure. We show here some results
obtained from multi-photon microscopy images acquired in a fetal rabbit
heart, where the cardiac microstructure can be extracted from the im-
age in terms of fiber direction as well as fiber compactness. Experiments
from phantom data also show a successful application of the proposed
methodology.

1 Introduction

The knowledge of the muscular (sub-) structure of the heart is essential for
understanding the behavior of this organ, its motion, deformation and electro-
physiological performance. The muscular cells, myocytes, are elongated cells that
are arranged in a complex three-dimensional mesh. Nevertheless, some kind of
linear alignment of these cells can be detected and the main direction can be
identified at each position within the heart wall. This direction is known as the
fiber direction, and it has been used to model and simulate the electromechan-
ical properties of the heart [1–3]. In these studies, the assumption is that the
electrical propagation travels preferentially along the fibers’ direction.

Myocardial performance is also related to the cardiac fiber orientation so
differences in the fiber structure can lead to an abnormal motion of the my-
ocardium. Different studies includes the fiber orientation as a prior information
for modeling the heart motion [4, 5]. These studies show that combining the
information of fiber orientation with different imaging modalities can result in a
more accurate motion model of heart.
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Previous studies showed that the fiber orientation within myocardium deter-
mine the distribution of stress and fiber shortening during ejection period [6–9].
Small changes in the fiber orientation (10%) induce large variation (50%) of fiber
stress [8]. Different statistical models of the cardiac fibers were presented previ-
ously [10, 11]. However none of these studies are accurate models of fiber direction
in individual hearts to estimate local myofiber load. In this study we estimate the
direction of fibers from microscopic information by detecting the direction of intra-
cellular structures in the image. Our method consists of different stages to remove
the illumination and noise artifacts using phase information of the image, identify-
ing the local structures using a multi-scale feature extraction technique and finally
visualization the fiber direction as streamlines. The performance of our method
was tested by comparing angle fiber orientations extracted from our technique in
a synthetic phantom with respect to their actual values.

2 Materials and Methods

2.1 Image Acquisition

For this study the images were taken from a normal fetal rabbit heart. The heart
was fixed in 4% paraformaldehyde and was cut in half to fill the empty cavities.
The tissue imaging was performed on a high speed multi-photon confocal mi-
croscope with integrated vibratome sectioning (TissueCyte 1000, TissueVision).
Robust mechanical sectioning was achieved by an integrated automated vibrat-
ing blade microtome. The automated sectioning parameters for the heart tissue
were set to at 0.1 mm/s and a 100 μm thickness. The reliability of sectioning
was verified by measurements of the hearts surface and 20% overlapping Z-planes
before and after sectioning during the whole dataset. The imaging wavelength
was 810 nm and tissue and image acquisition parameters: 18000x16000 pixels
and 6.80 mm x 6.05 mm (1 pixel = 0.378 μm).

In Figure 1, a subregion of one of the microscopy images is shown, where the
myocytes forming the fibers can be distinguished. The nuclei of the myocytes
can be seen as low intensity elliptical structures. By visual inspection of the cells,
the elongated structures with higher intensity values can be noticed, following
the fibers direction. In this section we explore this feature of the image using
a method that detects the main direction of the fiber structures, as well as the
magnitude associate to the secondary direction. This information provide us with
a tensor representation of the cardiac tissue.

2.2 Method

Our goal is to obtain image descriptors that capture the local shape of the un-
derlying structure from the multi-photon microscopy images. This local shape
can be represented as a second order tensor, that provides information about the
local main orientation and the fiber compactness. Therefore, a feature detection
method has to be applied over the image. In different intensity based feature
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Fig. 1. Subregion of one microscopy image obtained from the heart of a fetal rabbit

detection techniques, variation of intensity contrast in the image can effect dra-
matically the boundary detection results, especially for low contrast structures.
For this reason, the local phase of the image was chosen to avoid this problem.
Local phase information is brightness- and contrast-invariant and has been suc-
cessfully used before to detect local changes in image structures. Therefore, we
will compute the local phase information of the image, φs,t at a given scale s
and orientation t, as in [12]. Given the image at each point x, as I(x), and a
pair of quadrature filters F even

s,t and F odd
s,t at scale s, and orientation t, the local

phase is defined as

φs,t(x) = atan(us,t(x)/vs,t(x)),

where us,t(x) and vs,t(x) are the convolutions of the image with the quadrature
filters:

[us,t(x), vs,t(x)] = [I(x) ∗ F even
s,t , I(x) ∗ F odd

s,t ].

The quadrature filters are log-Gabor filters that have been successfully applied
before [13]. To illustrate the local phase result in our particular case, a subset of
one image acquired is shown in Figure 2 (a), and its computed local phase φ(x),
averaged over a set of scales and integrated over all directions, Figure 2 (b). In
this work all experiments were performed using five scale levels.

Now, the important information of the image can be extracted and processed
to estimate the main local directions of the underlying cellular structure. To
obtain this information, the results of multi-scale local phase is thresholded
using a value θ that keeps the most important features of the image. Typically
this will provide us with the elongated structures present in the image as well as
some outliers which are very small structures coming from homogeneous regions
in the original image. The optimal threshold value is selected based on the best
performance of our technique with testing different threshold values. These small
regions are removed using image connectivity and a filter with size criteria, see
Figure 2 (c). After that, each connected component was analyzed and the main
direction e1, which give us the fiber direction, was obtained. The second direction
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e2 is simply taken as the perpendicular direction to e1. The ratio R = M/m is
also computed, where M and m indicate the maximum elongation along the e1

and e2 direction, respectively. With this information we can represent the local
shape and the direction of the microstructure of the cardiac tissue.

To represent the results obtained, each connected component can be asso-
ciated with a tensor located at the centroid of the connected component, with
eigenvectors given by the principal directions obtained e1, e2 and eigenvalues re-
lation given by the the ratio R, using a fixed major eigenvalue for all the tensors.
This sparse tensor field result can be also viewed as a sparse ellipse represen-
tation of the cardiac structure, as the one shown in Figure 2 (d). Notice that
the ellipses shown here are not supposed to label myocytes. They are a local
representation of the tissue structure. These ellipses will point into the fibers
direction and they are more elongated when the myocytes are more compactly
arranged. Therefore, the way they are shown in the image is a good represen-
tation of the microstructure of the tissue, that means, the microfibers direction
and their compactness.

As we are interested in the structures providing directional information along
the microfibers, two final post-processing steps are performed. The first one is
performed to remove tensors with major eigenvector pointing into a very dif-
ferent direction than the majority of components (orientation outliers). Due
to image characteristics, structures going in very different fiber directions than
the microfibers directions may appear, mainly in regions between cells nuclei.

Fig. 2. a) subset of one of the acquired images, I(x); b) local phase obtained from it,
φ(x); c) connected components obtained from the local phase; d) ellipse representation
of the underlying cardiac structure (in yellow following the fiber direction, in red the
orientation outliers); e) ellipses after gaussian filtering of the orientation; f) ellipses
after interpolation
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These regions account for a low number of the components obtained, and can
be locally detected and removed using a median filter in the orientation values.
Once these outliers are removed, a gaussian smoothing is performed over the
orientations of the remaining tensors, in order to reduce noise, see Figure 2 (e).
Finally, the rest of the tissue can be filled using interpolation. The interpolation
used here is a linear interpolation on the orientations and ratio values, and is
illustrated in Figure 2 (f).

3 Results

In this section we present some results. First, using digital phantom data to
observe, in a controlled image, the behaviour of the direction and the shape of
the estimated local image descriptors. Then, results in several real images are
presented.

3.1 Phantom Data

The phantom image used in this experiment has been generated using a simple
pattern as shown in Figure 3 (a). This image resembles a normal but regular
pattern of the myocytes, as observed in the multi-photon microscopy images
used. The fibers are generated by following concentric circular trajectories using
consecutive ellipsoidal shapes. The image has been blurred with a gaussian filter
using a sigma value of 3 in pixel dimensions. Then, gaussian noise was added,
with zero mean and different variance values, obtaining images with signal-to-
noise ratio (SNR) from 0.02 to 9.8. These images were used to test our method,
measuring the average angle difference between the reference phantom and the
main direction obtained in our results at each image point. Different threshold
values for local phase were tested on an image with SNR of 0.60, obtaining an
optimal threshold value of 0.55, based on the performance of our method. The
average angle differences for different SNR and thresholds are reported in Table
1. The results of local shapes can be observed in Figure 3 (b), for a SNR of 0.60,
where it can be seen that the pattern is recovered using ellipsoidal visualization.
This enables us to represent both the orientation and the compactness of the
tissue.

We represent the main local directions obtained as a vector field, as well as
using paths following the microfibers, represented as streamlines in Figure 3 (c).
In order to see how the direction of microfibers is recovered, we compared this
result with the true paths used in the phantom creation and shown in Figure 3
(d). It can be noticed that fiber directions are correctly recovered.

A second experiment has been carried out to show how the myocytes compact-
ness can be detected locally. In this case, the results from the same phantom
shown above were compared to the results of a similar phantom but with in-
creased distance between fibers and increased thickness of the myocytes. This
comparison is presented in Figure 4, where a subregion of the two phantoms and
their corresponding ellipsoidal representations of local shape are shown, indicat-
ing that both cases have identical orientations but different local shapes.
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a) b)

C) d)

Fig. 3. a) Digital phantom with myocyte pattern similar to multi-photon microscopy
imaging; b) local shapes estimated from the image using the proposed method; c)
vector field and streamlines representing the path followed by the microfibers; and d)
true paths followed by the phantom fibers

Fig. 4. Comparison between two phantoms, a) and c), presenting different compact-
ness. The results, b) and d), show identical directions but increased size of the local
shapes in the secondary direction for the second phantom

3.2 Multi-photon Microscopy Images

The results obtained from microscopy data acquired with the multi-photon mi-
croscope aforementioned can be seen in Figure 5, where the first column shows
the microscopic images, the second the local shapes detected, the third the in-
terpolated values, and the last column shows the main local orientations of the
data as a vector field, e1, and the streamlines following the microfibers obtained
from these local orientations. The streamlines are computed by an integration
method over the vector field using points at the borders of the image as starting
points.
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Fig. 5. Multi-photon microscopic images (first row); tensor field shown as ellipses, and
obtained with our method (second row); interpolated tensor field (third row); vector
field of the main local orientation e1, and streamlines representing the path followed
by the microfibers (fourth row)

Table 1. Average angle difference changes in degrees with respect to different SNR
values and threshold values of the local phase, computed in the phantom of Figure 3
(a)

Signal-to-noise ratio 9.80 2.44 1.09 0.60 0.39 0.15 0.03 0.02

Average angle difference 1.47 1.46 1.42 1.46 1.46 1.73 5.10 8.80

Local phase threshold 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85

Average angle difference 1.41 1.55 1.50 1.42 1.40 1.43 1.99 19.13
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4 Conclusions

We have presented a novel approach that shows a great potential to study the
cardiac structure from multi-photon confocal microscopy. The experiments car-
ried out shows a good behaviour of the method, that is able to track correctly the
cardiac fibers at microscopic level, and accounts also for their compactness. This
work has to be considered as a starting point for a more challenging task that
implies extending and applying this methodology to the whole heart using serial
sections of the heart to obtain a detailed and realistic model of the cardiac fiber
structure. This model will be of great value to validate data coming from other
modalities such as DTI or to generate more realistic simulations. Additionally,
similar experiments can be also performed to generate detailed fiber models of
diseased hearts, applying the same methodology, that can be compared with a
control heart model to understand their differences at microscopic level.
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