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Abstract:

Applying image processing techniques to medical images has already brought many useful applications. This
work is focused on using these methods in the process of adapting a musculoskeletal model of the shoulder
joint. Comparing the model of healthy individuals and the patient with joint damage leads to a subjectspecific convalescence treatment. This work describes the procedure for segmentation of magnetic resonance
imaging (MRI) of the shoulder joint. Firstly three bones inside the shoulder area: humerus, clavicle, scapula
are identified and thereby it provides initial reference objects. A major step is the segmentation of the deltoid
muscle needed for the subsequent adaptation of the musculoskeletal model. This step is challenging in terms of
image processing due to the closeness of soft tissues, which are almost identical in intensity and the boundaries
between them are often barely visible. The approach to resolving this problem is described and possible
improvements and future work are described.

1

INTRODUCTION

Automated segmentation of medical image data is
still an unresolved task. There are computed tomography (CT) data that are characteristic of their
high image quality. At work (Kodym and Španěl,
2018), the authors deal with a semi-automatic segmentation method for general use. However, existing
applications or algorithms for segmentation of magnetic resonance imaging (MRI) data are always semiautomatic and require some user intervention to set
initial parameter values that are often specific to the
task only. Therefore, for MRI data, we can find Vascular modeling toolkits (2016) or voice tract segmentation capturing the articulation of healthy subjects
(Engwall and Badin, 1999), (Ojalammi and Malinen,
2017), etc.
There are also applications for MRI segmentation usable for general task but require very timeconsuming user inputs to define initial configurations.
These parameter values are often different for different anatomies, can not always be derived directly
from the data, and the user usually has to proceed
based on an attempt of error. Recently, there are
very successful general segmentation methods of the
supervised machine learning based on convolutional
neural networks (Xue et al., 2018), (Liu et al., 2018).
This solution, however, leads to an enormous amount

of manual work during the preparation of the large
training data needed as reference for their learning.
On the other hand, in (Ojalammi and Malinen, 2017),
the aim is to process extensive MRI data sets of upper
respiratory and oral routes with minimal user interference.
The examination of MRI is useful to improve the
current understanding of the human body’s relationships. The MRI imaging technique is an attractive
alternative to CT because it has no-ionizing radiation. This aspect is particularly important for the processing of healthy subjects. We are considering the
healthy subjects for an identification of the musculoskelatal model ((Havelková et al., 2017)). On the
other hand, the disadvantage of MRI against CT, is the
worse spatial resolution given by the low raw voxel
data quality. This is caused by the imaging principle including motion artifacts due to a scanning time,
which can exceed 10 seconds for one high resolution
stationary 3D image.
The aim of this work is segmentation and subsequent 3D reconstruction of the deltoid muscle of
the shoulder complex from MRI volume data. The
task is to separate the muscle from the background.
The background consist of other muscles and bones,
moreover some of them anatomically attached to the
segmented muscle. The 3D reconstruction transforms
segmented deltoid muscule to 3D surface model that
155

Ryba, T. and Krňoul, Z.
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is the input to musculoskeletal simulation of the
shoulder complex.
We try to perform the segmentation with minimal
user interference. Our work is directed to subsequent
research needing processing of extensive data of both
healthy individuals and patients with a shoulder complex disorder. Therefore the application is not specifically designed for doctors to examine the patient, nor
is it an alternative to the software and user interface
provided by the MRI scanner manufacturer.

2

RELATED WORK

The hard tissue segmentation is a well-managed
technique in terms of their good visibility, in both
computed tomography (CT) and magnetic resonance
imaging (MRI). It is often used for diagnostic purposes, such as assistance in preoperative planning
or initiation of downstream segmentation techniques
of other non-hard tissues. Precise and, at the same
time, fully automatic segmentation of hard tissue is
achieved when the patient’s anatomy does not deviate significantly from the standard. The results are
currently also used for example for 3D implant printing (Tetsworth et al., 2017) or teaching aids (Jiřı́k
et al., 2014).
The different non-hard tissues have low contrast
borders with each other in both CT and MRI data and
make its automatic segmentation very difficult also
due to anatomical variability or various pathologies.
In this case, the semi-automatic approaches are currently successful. The user searches for specific algorithm parameter values to achieve the required segmentation result accuracy. Although some applications do not require very anatomically precise surface
models, for the precise segmentation, it must to be
done by clinical professionals processing volumetric
data one slice after another. This is very challenging
due to tedious processing of a large number of slices
in volume data.
The segmentation of the hard tissue is sufficient by
adaptive thresholding techniques (Rathnayaka et al.,
2011) or area growth algorithm (Xi et al., 2014). The
segmentation failure is where the boundaries of an
object pass through areas of the low contrast. To
deal with this problem, there are approaches based
on models of active contours, (Pinheiro and Alves,
2015), optimizing the smoothness and a continuity
criteria.
Moreover, the methods of active or statistical
shapes (He et al., 2016) and (Yokota et al., 2013) assume prior shape of a segmented object. However,
this must be obtained by learning from previous (often
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manual) ideal segmentation of all potentially possible shapes. This can be a problem with unpredictable
anatomical pathologies. On the other hand, the user
input during their application degrades only on the
pre-positioning of the model in reference pose as near
as possible to the location (Virzı̀ et al., 2017) or, in the
case of a fully automated method, this step is completely eliminated (Antong et al., 2010).
As another form of segmentation, the image registration can be considered (Hajnal and Hill, 2001).
This is not the pure segmentation technique because
needs a reference image in addition. It determines
the geometric relationship between each point of the
reference image and the processed image as a costoptimization function. However there are unregulated
registration algorithms for comparing deform-able organs such as the brain, liver or lung (Rohlfing and
Maurer, 2003), (Ino et al., 2005). The failure of registration caused by dropping search algorithm into local
optima is prevented through generating a large training set for the deep-learning image registration (Ito
and Ino, 2018).
More recently, graph-based methods provide binary segmentation as the search for a global optima
separating object from the background. These methods are reliable if the user again provides a sufficient
amount of accurate user inputs. For MRI or CT, it
has a form of seeds labeled in many slices of volumetric images. Furthermore automation reducing
amount of manual inputs benefits from a combination of graph-cut techniques with prior information
provided by some edge detection method (Keustermans et al., 2012), (Krčah et al., 2011) or a classification technique based e.g. on random decision forests
(RDF) (Kodym and Španěl, 2018). The last mentioned method searches for optimal binary segmentation of volumetric data with respect to the probability
field obtained from RDF classifiers online trained on
only a few expertly annotated sections.
In general, the convolutional networks are machine powerful learning techniques and are currently
a successful segmentation technique for the medical
imaging data (Ghosal and Ray, 2017), (Prasoon et al.,
2013). They overcome previously popular segmentation techniques based on RDF classification (Loh,
2011), which uses random subsets of available training data to build a set of binary decision trees. In
the context, these data-driven and supervised techniques need training data that is very varied due to
a wide range of imaging techniques used in medicine.
There are methods increasing accuracy and robustness by generating thousands of synthetic training
data from only a few input original images (Ito and
Ino, 2018) and-or often combining with an augmen-
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tation method (Milletari et al., 2016), (Ronneberger
et al., 2015).

3
3.1

METHODS
Image Preprocessing

A common problem in image processing is the image
noise. In order to deal with it, several options may
be used. The commonly used method is the Gaussian
filtering. Unfortunately, an obvious disadvantage of
this approach is blurring of image edges. As already
stated main goal of this work is to segment one certain muscle in the shoulder complex. The boundary
between this muscle and background is barely visible. Therefore, it’s not a reasonable approach to blur
them even more.
To reduce the image noise and leave the edges
untouched at the same time an edge preserving filter
must be used. In this work the bilateral filter (Tomasi
and Manduchi, 1998) is used. The weights in this filter correspond not only to distance as in the Gaussian
filter but to the intensity difference of pixels as well.
This way, only pixels that are geometrically close and
have similar intensity are taken into account during
filtering. And because edges are defined as pixels
with high intensity gradient, they’re usually filtered
very slightly.
Comparison of the Gaussian filter and the bilateral
filter is shown in Figure 1.

3.2

Image Segmentation

For the purpose of image segmentation, a semiautomatic tool was developed. It works on an established
system of placing seed points representing the object
of interest and another group of points representing
the background. For the algorithm processing the data
with defined seed points, we tested three commonly
used methods - Graph Cut (GC) (Boykov and Jolly,
2000), Random Walker (RW) (Grady, 2006) and Watershed (WS) (Dobrin et al., 1994).
The GC method is based on creating intensity
models for each object. These models are calculated from given seed points. Using the GC often
leads to overtrained models. This is due to very
similar object densities when segmenting one specific muscle. In this case, points with similar density are marked as two different objects. Moreover, to
mark the background object properly the corresponding model needs to describe image parts that significantly differ in intensity. The resulting model is not
descriptive enough and the algorithm gets confused.

Given the set of seed points, the RW algorithm
finds the closest path to one of the seed point for each
unlabeled pixel. There are no direct connections to an
intensity model like in the GC algorithm. Therefore,
the closest path depends strongly on the seed position,
which often yields to a significantly higher amount
of needed seed points that spreads on all parts of the
object. The needed interactivity was overwhelming
especially when segmenting the muscle.
Using the simple WS algorithm provides us with
the best results regarding the precision of segmentation and the amount of needed interaction. Another important advantage of this approach is its efficiency and computation speed. Using the WS algorithm makes the whole segmentation process faster
and more fluent.
To help the operator with orientation it’s possible
to switch between different views - coronal, sagittal
and axial. This way, it is possible to change the views
during the segmentation process to define the seed
points more accurately.
3.2.1

Extracting the Bones

For easier orientation and further data processing,
three bones are segmented: humerus, scapula, and
clavicle. The Humerus is a long bone of the arm that
forms the shoulder joint on the one end and the elbow joint on the second end. The Scapula or shoulder
blade is a triangular bone that lies on the upper back.
The Clavicle is an anterior bone of the shoulder. Its
main function is to support the shulder.
In the MRI the bones are well separated due to
their high intensity. The contrast between a bone and
near soft tissues is significant. Therefore, the needed
amount of interactivity is much lower comparing to
the muscle segmentation.
Nevertheless, to use a fully autonomous approach,
e.g. thresholding, is not recommended. Despite the
bones, the’re different objects with the similar intensity that would be segmented as well. Using such an
approach often yields to results where for example the
clavicle and the skin are connected into one big object.
On the other hand, the WS algorithm is perfectly
suited for this task. The final segmentation of the
humerus is shown in the second image in Figure 2.
3.2.2

Extracting the Deltoid

Segmentation of one specific muscle is a much more
challenging task. The reason for this is the intensity
similarity of the soft tissues and an unclear boundary
between individual muscles. The risk of overtraining
a segmentation algorithm based on intensity models is
157

BIOIMAGING 2019 - 6th International Conference on Bioimaging

Figure 1: Input image (left) filtered by Gaussian (middle) and by a bilateral filter (right).

significantly higher than in the bones extraction case
and the amount of interactivity increases.
Moreover, this task is much more focus demanding than the bone segmentation. A certain amount of
anatomy knowledge is also needed, especially in parts
with an unclear boundary between individual muscles. Segmentation of bones prior to the muscle segmentation is recommended for a better orientation.
The WS algorithm meets its limits here but still
provides reasonable results. Therefore, the segmentation refinement that is described in the next section is
very important in these cases.

3.3

Segmentation Refinement

The segmentation obtained by the WS algorithm is
sometimes very coarse and inaccurate. The reason
for that is the algorithm’s sensitivity to the noise and
unclear object boundaries. Despite the preprocessing
and proper noise filtration, the filtered data are still not
perfect. Is it, therefore, appropriate to use a segmentation method that will start at the coarse segmentation
and will refine the result to better match the reality.
An information that could be used in this step is
that most of the objects in the human body tend to be
compact with no sudden changes in shape. A perfect
approach that respects such an information is the active contours approach (Pinheiro and Alves, 2015).
Methods based on active contours need to be initialized by an initial curve. This initial curve should
be as close to the desired result as possible, which
minimizes the possibility of getting stuck in a local
energy minimum. In this work, this initial curve corresponds to the boundary of the coarse segmentation
achieved from the image segmentation. During the
iterative process the curve evolves and due to the calculation tends to be smooth and compact.
The last step in the postprocessing procedure is
158

the morphological filtering. This way the boundary
of the segmentation is smoothed even more, which
yields more reliable results.

4

RESULTS

In this work, we used the MRI of a 30 years old
healthy male subject. The final segmentation of the
humerus and the deltoid muscle is shown in Figure 2.
The main result of this work is the software for
MRI processing. The developed software is used for
segmentation of specific bones and soft tissues in the
shoulder.
The segmentation is done with an interactive version of the watershed algorithm. Using this approach
yields to fast responses of the algorithm as the user
draws seed points over the input data. This coarse
segmentation is then refined using an active contours
method.
As more data are processed the software will learn
and the future processing should be faster.

5

CONCLUSIONS AND FUTURE
WORK

To develop a fully autonomous segmentation process is a very challenging task especially regarding
muscle segmentation. We faced this challenge using
an interactive method based on the watershed algorithm. Probably the biggest disadvantage of this approach is the amount of needed interactivity in some
cases. This interactivity could be reduced using several ways.
For example, a thresholding algorithm could be
used for segmentation of the bones. As already men-

Segmentation of Shoulder MRI Data for Musculoskeletal Model Adaptation

Figure 2: Segmentation of bones (the humerus on the first two images) and segmentation of soft tissues (deltoid muscle on
the last two images).

tioned, using such an approach could yield to a big
object consisting of a bone and other objects. We believe that with a proper postprocessing this problem
could be solved. Therefore, at least some steps could
be automized in the future work.
At this moment, the segmentation process is calculated over the whole image. To improve the processing speed defining a region of interest could be
implemented.
Another goal of our work is to create a statistical representation of the position of the deltoid muscle. This means that for each point we would like to
calculate a probability that this point belongs to the
deltoid muscle. Segmented humerus, scapula, and
clavicle will be taken as the reference objects. Creating such an atlas could autonomously propose seed
points defining the deltoid thus decreasing the needed
amount if interactivity.
The problem of this approach is the uniqueness
and difference between subjects - factors such as
height, weight, musculature, sex etc. plays a significant role regarding the position and shape of the corresponding deltoid muscle. Having a large number of
data containing all of these factors, it could be possible to create more statistical atlases and then use the
one that best fits the given subject.
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