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Abstract. This paper describes a simple, yet efficient method for modelling
complex musculo-skeletal structures in motion. The proposed approach
contains three main modules: segmentation, 3D reconstruction, and feature
extraction. The segmentation module integrates region and edge information in
a coherent manner. The 3D reconstruction technique is based on morphological
morphing between adjacent slices and on contour-based extrapolation of
extreme slices. Model validation is a rather challenging task, since no direct
access is possible to in vivo human bony structures of the shoulder complex.
We implement an internal validation approach, based on comparing the three
models built for the same human shoulder. Finaly, two descriptors of the
subacromia space deformation during arm motion are computed. Their
reliability is assessed using statistics of the healthy human shoulder.

1 Introduction

The painful shoulder is one of the most common musculo-skeletal complaints, and
without an accurate diagnosis and treatment it may result in functiona loss and dis-
ability. The successful evaluation of shoulder pain is rather complex and it relieson a
hierarchical scheme for differential diagnosis [1]. Motion plays an important role in
the evaluation process, which is either performed directly by the physica therapist or
based on medical imaging techniques. Thus, physical examination is primarily based
on the assessment of the active range of motion (ROM) and uses combinations of two
basic motions: abduction and flexion. While standard protocols of clinical evaluation
perform well in diagnosing shoulder instability, magnetic resonance (MR) exams are
used for diagnosing the shoulder impingement syndrome [1].

The recent developments in the technology of MR image acquisition systems have
opened interesting opportunities for the study of shoulder pathologies as well as for
the assessment of the rehabilitation process. Specifically, the open-field architectures



with horizontal and vertical access allow for scanning the shoulder complex in
different key positions during arm flexion and abduction. Whereas the study of the
sub-acromia space deformations from MR images has recently provided promising
resultsin [4], only static information was processed for the extraction of relevant fea
tures. Motion is an essential cue in the painful shoulder diagnosis. Most of the previ-
ous research about dynamic shoulder modelling is based on heavy kynematic con-
straints [2][3]. Moreover, the variation of inter-structural distances observed in MR
imagesis difficult to integrate in kynematic models.

This paper proposes a new image-based modelling approach for the analysis of the
subacromial space deformation during arm elevation and abduction. The organization
of the rest of the paper is as follows. Section 2 presents the segmentation of MR image
sequences, followed by the 3D reconstruction approach. Section 3 validates the recon-
struction results, while section 4 describes the extraction of relevant features for de-
scribing shoulder motion. Finally, we draw the conclusions and describe future work.

2 Segmentation and 3D reconstruction

2.1 Semi-automatic segmentation approach

Prior to the 3D reconstruction of the anatomical structures from 2D image sequences,
a segmentation step is necessary to identify the regions of interest corresponding to the
bony structures. Our approach is task-oriented and well-adapted to particular aspects
of MR shoulder images such as: a) the global appearance of the bony structures, which
varies significantly in different planes (see Fig. 1a); b) the smooth structure-
background transition, resulting in blurred boundaries of the ROI; c) the significant
inter-dice variance of the average brightness during the same MR sequence; d) the
complex morphology of the bony structures, not suitable for 3D segmentation, since
the number of ROIs may vary from one slice to the next.

The database contains three types of parallel planar image sequences corresponding to
three orthogonal orientations. saggital, axia and corona (see Fig. 1a). Due to the
significant length of the image sequences, a minimal user intervention in segmentation
is desirable. A user-friendly interface is designed for the selection of a rectangular
frame. This interface allows the user to scan the entire sequence at the desired speed,
to pause for a thorough image examination and finally to draw a 2D rectangular region
framing the structures of interest throughout the sequence. The frame is drawn only
on one image and automatically mapped on all images in the same sequence.

Our segmentation method combines edge detection and region growing. First, the
gradient image is computed with Sobel convolution masks. While low-magnitude
edges are due to noise, high-magnitude edges are more likely to correspond, at least
partially, to the contours of the bony structures. High-magnitude edges are selected by
thresholding the edge image with the average value of the gradient magnitude, com-
puted over the current image. The contours in the resulting binary image are not



closed (see Fig. 1b), due to local disconnections generated by the partial volume ef-
fect. Thus, a second segmentation step is necessary. This step consists in iterative
pixel aggregation and uses the contour information to specify the similarity measure
for candidate inclusion. Seed specification is automatic and histogram-based. Consid-
ering the global intensity histogram of the ROI, the seeds have intensity values
belonging to the 5% inferior range of the histogram. As shown in Fig. 1c, most of the
seed pixelsare distributed in small 1abelled regions.
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Figure 1. @) relevant samples of MR shoulder images corresponding to three standard orthogo-
nal views b) edge image; c) seed regions for pixel aggregation; d) final segmentation

For every labelled growing region R,, a corresponding list L, is created. This list L,
contains contour pixels belonging to the labelled region R, as well non-contour pixels
adjacent to R, and to at least one contour pixel. After sorting the list, the similarity
threshold is set to the median value in the list. This similarity measure is consistent
with the intensity variation inside the bony structures. At each iteration, adjacent
pixels to a growing region are aggregated if their intensity exceeds the similarity
threshold. While parald pixel aggregations are performed for every labeled region,
region merging is allowed after each iteration. Finaly, we obtain a pairwise corre-
spondence between the bony structures present in the current image and the final
regions resulting from segmentation (see Fig. 1d). The parallel region growing stops
when no candidate for inclusion in any of the regions satisfies the similarity measure.

2.2 3D reconstruction

We propose a 3D reconstruction approach using shape-based interpolation and ex-
trapolation (see Fig. 2). Interpolation insures a smooth transition between every two
adjacent input shapes and is based on morphological morphing and “ splitting” . After
interpolation, a closing surface step is performed using a new contour-based extrapo-
lation technique. Our approach allows a coherent integration of the “closing” and
“morphing” sequences, and an adjustable uniform inter-slice resolution as well. We
implement the same surface rendering technique as in [5]. After rendering, a size-
preserving surface fairing approach isimplemented in a modified version from[6].
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Figure 2. Diagram of the proposed 3D reconstruction algorithm

Morphological morphing of two simple compact regions. This morphing technique
generates a gradual transition between two compact and partially overlapping shapes,
as shown in Fig. 3. The mathematical formalism of this approach is described in [5].
While this technique works well for compact objects, the bony structures in the shoul-
der have a complex geometry leading to ‘branching’ situations.

Figure 3. Morphing: @) superposition of the initial shape obj;(green boundary) and the fina
shape obj, (blue boundary); the iterative conditional dilations of the common region with
respect to obj; and of obj, are in dashed lines; b)initial shapein grey ; c), d), ), f) intermediate
morphing iterations, resulting in grey objects with red boundaries; g) final shape(obj,)

A morphological “ splitting” approach A “branching” situation (see Fig. 4) occurs
when two digjoint regions in slice i correspond to the same compact region in slice
i+1. Theideaisto divide the region resulting from “branch merging” into a sub-set of
regions in order to alow a one-to-one correspondence. Instead of the classical solu-
tion using the Voronoi diagram [9], we propose a new morphological approach.
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Figure 4. “Branching” in a shoulder MR sequence: &) four digoint regions; b) merging of the
previous right-most two regions into one region; c) inter-slice region correspondence before
splitting; d) inter-slice region correspondence after splitting.



For smplicity, we consider the situation where two binary, digoint, and compact
objects obj; and objy, in dice 1 merge into one compact object obyj, in sice 2. The
“splitting” approach is to separate obj, into obj,; and obj,, as shown in Fig. 4 ¢ and d.
The main steps of the proposed “ splitting” approach are as follows.

Sep 1. Perform simultaneous and iterative non-conditional dilations on obj,; and
obj1, obtaining objdy; and objd;» respectively, until obj, O (objd;1[0objd;). Since objy;
and obj, are digoint regions, and obj, is a compact region, it can be easily proven that
(objdll (obj d12) # @ . The morphologica dilation operator is shape preserving, thus
objdy; and objdy, preserve the shape of obj;; and obj;, respectively.

Sep 2. Apply the watershed transform [9] to obj, and extract the watershed line wshl
(i.e. the separation frontier between the regions detected with the watershed trans-
form). As a result of “branch merging”, obj, preserves to a given extent the shape of
both initial “branches’, obj;; and obj:,, thus the watershed transform is to generate the
inter-dice one-to-one region correspondence. However, over-segmentation occurs
when applying the watershed transform and must be eliminated in step 3.

Sep 3. Extract the separation line sep that divides obj, in obj»; and obj,, :

sep = wshl N (objdy; N objda,)

f

Figure 5. The “splitting” approach : a) two “branches”, obj; and obj;,; b) object obj, resulting
from the “merging” of the two “branches’; c) step 1 : objdyq (N 0bjdy, isin red; d) step 2:
over-segmentation of obj, in 6 classes (labeled with different colors) with the watershed trans-
form ; ) step 2 : watershed ling; f) step 3 : splitting obyj, into obj,; and obj,,.

Fig. 5 illustrates the steps in the “splitting” approach. This technique may be easily
extended to more than two disjoint “branches’ merging into one compact region.

The surface closing step is implemented as a contour-based extrapolation, which is
described in [5]. This step is necessary to correct the appearance of a cut-off cylinder
of the 3D model resulting after the interpolation of parallel sequences.

3 Model Validation

The database for this study contains T1-weighted MR shoulder sequences from three
orthogonal views: axial, sagittal and coronal, and corresponding to 6 human healthy
subjects. The average length of a sequence is of 30 images. The images are stored in
an uncompressed format and contain 256 gray levels. The size of the images is
256x256 pixels, while the intra-slice pixel resolution is of 1.25 mm. The value of slice
thickness is set to 7 mm, which is a reasonable trade-off between the strength of the
partial volume effect and the temporal extent of the acquisition process.



The reconstructed 3D shoulder model is to reproduce with high accuracy the real
human bony structures at a 1:1 scale. Since areference model is not available, we first
perform an internal validation of our model. Specifically, for every human shoulder
we build three models using the saggital, coronal, and axial sequences respectively.
Next, we compare the models in order to assess their degree of similarity. If the
models are quasi-identical, then the proposed 3D reconstruction method is robust and
reliable. Model comparison is implemented in Polyworks, a software developed by
Innovmetric Inc. and dedicated to the inspection of 3D models.

Error was computed in the region of interest, i.e. the structures surrounding the sub-
acromial space (see Fig. 6a). A colour code allows us to visualize the spatial distribu-
tion of the error magnitude (see Fig. 6a). Green and light blue encode low magnitude
values for positive and negative error respectively. For the case shown in Fig. 6a, the
global error between the coronal and axial modelsis low, thus the models are  con-
sidered quasi-identical. Table 1 centralizes information about inter-model comparison.
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Figure 6. @ Model validation in Polyworks: @) comparing corona and axial models corre-
sponding to the same human shoulder b) computation of minimal acromio-humeral AHD dis-
tance c) tempora variation of AHD distance during arm flexion and abduction d) Relative
position of the spheres matched on the humeral head and on the glenoid at rest.

Internal validation results in low-valued average errors for every human shoulder in
the database. Therefore, the 3D models are reliable for the further computation of
inter-structura distance measures. To verify the 1:1 scale factor of the 3D models, the
minimal acromio-humeral distance (AHD) [4] is computed as shown in Fig. 6b. The



average AHD for the shouldersin our database is 6.0151, while the standard deviation
is 0.659124. These values are coherent with statistical anatomical measures for
healthy subjects.

Table 1. Results obtained after comparing of the corona and axial models shown in Fig 6a.

Error distribution

Model #1 Axia

Model#2 Corona

#Points 5345

Mean error -0.130989

StdDev 0.606965

Pts within +/-(1 * StdDev) 3758 (70.308700%)
Pts within +/-(2 * StdDev) 5118 (95.753040%)
Pts within +/-(3 * StdDev) 5317 (99.476146%)

4 Feature extraction

For the human shoulders in the database the acquisition process was performed at
several key positions during arm elevation and abduction. Next, the AHD distance
was computed. Fig. 6c¢ illustrates the variation of the AHD distance with respect to
the angle during arm flexion and abduction. The results show that the 3D AHD dis-
tance is more reliable than its 2D equivalent, which was measured manually by physi-
cal therapists on a graphical interface embedded in the acquisition system [4].
Moreover, since the glenoid cavity and the humeral head are in relative rotation during
arm motion, we propose a new descriptor for assessing the dynamic surface compati-
bility of these two structures. In fact, if the convexity of the humeral head does not
match the concavity of the glenoid cavity, or if their rotation is not concentric, then the
sub-acromial space volume is reduced under a critical value, resulting in pressure on
ligaments and tendons. Therefore, spheres are matched on each of the rotating sur-
faces. The matching algorithm minimizes the distance between the spherical surface
and the reconstructed anatomical surface over the region of interest. Results are shown
in Fig. 6d. For the healthy human shoulders in our database, the two spheres were
almost concentric (average distance between centres was 2.178 mm), and the distance
between the spherical centres was conserved during arm motion. Moreover, the aver-
age difference between the spherica radii (5.8 cm) represents a simple descriptor of
the geometry of the subacromial space. Future work will continue to assess the reli-
ability of spherical motion description for subjects with a painful shoulder.

5 Conclusions and futurework

This paper presents a new end-to-end modeling technique for the study of the shoulder
complex in motion. The input data consists of MR sequences acquired in three or-
thogonal planes and corresponding to key positions during arm flexion and abduction.



The output data contains 3D models of the shoulder complex in motion as well as
descriptors of the subacromial space deformation.

The proposed modeling approach consists of three main modules: segmentation, 3D
reconstruction, and feature extraction. The segmentation module integrates region and
edge information in a coherent manner. Standard 3D reconstruction a gorithms do not
perform well on our input data, since the scanned volume is sampled in 7 mm-thick
slices. Thus, we propose a new reconstruction technique based on morphological
morphing between adjacent dlices and on contour-based extrapolation of extreme
dices. Model validation is difficult, since no direct accessis possible to in vivo human
bony structures of the shoulder complex. We implement an internal validation ap-
proach, based on comparing the three models built for the same human shoulder.
Next, descriptors of the subacromial space deformation during arm motion are com-
puted. The discrete temporal variation of the AHD distance is consistent with previous
studies [4]. Moreover, we propose a descriptor for assessing the compatibility of two
complementary surfaces, one concave and the other convex, during relative rotation.
While our modeling approach is task-oriented, it is easy to adapt it for the study of
other joints, such as elbow, knee and ankle. Thus, we provide a simple, yet efficient
method for modeling complex muscul o-skeletal structures in motion.

Future work will focus on modeling motion as a continuous process. While MR ac-
quisition will be performed only at discrete moments, temporal interpolation and view
morphing [7] will alow for the continuous modeling of arm flexion and abduction. In
addition, descriptors for assessing surface convexity and concavity, as well as for
measuring local surface irregularities [8] will be tested for implementation.
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