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Preface

The idea for the MICCAI Joint Disease Workshop came from the desire to bridge
the technically oriented community of MICCAI with the clinically oriented re-
searchers working within the field of joint disease. Even though diseases such
as osteoarthritis and osteoporosis have a huge impact on our society — both in
terms of the socio-economy and reduced quality of life — they have previously
been only sparsely addressed at MICCAI. The potential for fruitful collaboration
is even bigger given the more and more advanced image analysis methodology
used in recent years in clinically oriented research focusing on automation and
advanced morphological/structural analysis of the relevant anatomical struc-
tures.

The submissions for the workshop has an impressive range of topics including
development of MRI pulse sequences, gait analysis, shape models and morpho-
logical analysis, and optimized segmentation algorithms — with applications in
rheumatoid arthritis, osteoarthritis, and osteoporosis. These are all topics that
naturally belong within the MICCAI community. The future will tell whether
the focused topic of joint disease will earn more attention at future MICCAI
conferences — either in a workshop setting or at the main conference.

This workshop would not have been possible without the enthusiasm of the co-
chairs Sharmila Majumdar (University of California, San Francisco, Department
of Radiology) and Christopher Buckland-Wright (King’s College London, Divi-
sion of Applied Biomedical Research). Also, thanks are due to Arish Qazi (IT
University of Copenhagen) for organizing submissions and reviews, and to Felix
Eckstein (Paracelsus Private Medical University, Salzburg, Institute of Anatomy
and Musculoskeletal Research) for accepting to come to Copenhagen and present
some of the world-leading research that he is involved in.
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Last by not least, sincere thanks are due to the program committee members
for making the review process pleasant and fruitful:

Scott Acton, University of Virginia
Monica Barbu-McInnis, VirtualScopics
Marleen de Bruijne, IT University of Copenhagen
Graeme Jones, Menzies Research Institute, Tasmania,
Jenny Folkesson, IT University of Copenhagen
Bram van Ginneken, Image Sciences Institute, Utrecht
Garry Gold, Stanford University
Michael Kaus, Philips Research Laboratories
Nancy Lane, University of California, Davis
Philipp Lang, Harvard Medical School
Thomas Link, University of California, San Francisco
Stefan Lohmander, Lund University Hospital
Anne Karien Marijnissen, Utrecht University Hospital
Steven Millington, Medical University of Vienna
Sébastien Ourselin, BioMedIA Lab, CSIRO, Sidney
Paola Pettersen, Center for Clinical and Basic Research, Copenhagen
Julia Schnabel, University College London
Koen Vincken, Image Sciences Institute, Utrecht
Simon Warfield, Brigham & Women’s Hospital
John Waterton, AstraZeneca
Tomos Williams, University of Manchester

Copenhagen, August 2006 Erik Dam
General Chair
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Abstract. In clinical studies of osteoarthritis using magnetic resonance
imaging, the placement of the test subject in the scanner tends to vary
and this can a�ect the outcome of automatic image analysis methods for
articular cartilage assessment, particularly in multi-center studies. We
have developed an automatic iterative method that corrects for position
variations by combining the two steps: shifting the cartilage towards the
expected position and performing a voxel classi�cation with the normal-
ized position as a feature. By applying this placement adjustment scheme
to an automatic knee cartilage segmentation method we show that the
inter-scan reproducibility is much improved and is now as good as that
of a highly trained radiologist.

1 Introduction

Osteoarthritis (OA) is one of the major health issues among the elderly pop-
ulation [1]. One of the main e�ects of OA is the degradation of the articular
cartilage, causing pain and loss of mobility of the joints.

Magnetic resonance imaging (MRI) is the only imaging modality for direct,
non-invasive segmentation of the articular cartilage [2] where cartilage deteri-
oration can be detected [3]. Among MRI sequences, the most established are
fat-suppressed gradient-echo T1 sequence using a 1.5T or a 3T magnet which
yields high image quality. Low-�eld dedicated extremity MRI produces images
with lower quality but to a very low cost. They can provide similar information
on bone erosions and synovitis as expensive high-�eld MRI units [4], and if a
low-�eld scanner can be used for articular cartilage assessment as well, costs for
making clinical studies would be reduced signi�cantly.

In quantitative assessment of articular cartilage using MRI, the most crucial
step is the segmentation. The cartilage can be manually segmented slice-by-slice
by experts, but for routine clinical use manual methods are too time consuming
and they are prone to inter- and intra-observer variability. In order to overcome
these problems much e�ort has been put into development of semi- or fully
automatic segmentation methods, both in 2D [5],[6] and directly in 3D [7],[8],[9].
When assessing the cartilage directly in 3D the problem of limited continuation
between slices that is present in 2D techniques is eliminated.
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An uncommitted segmentation scheme is often desired to achieve invariant
performance under irrelevant transformations of the images such as translation,
rotation, resolution of and orientation and position in the measuring device. A
mathematical well-founded and operational approach to this is the scale space
methodologies as is also applied in the automatic segmentation framework of
Folkesson et al. based on approximatekNN classi�cation [9]. In segmentation by
classi�cation it is also well recognized that the geometrical covariance between
feature points on a space of features derived mainly from Gaussian scale space
derivatives can support the task signi�cantly [10]. Similar we would like to intro-
duce position variance relative to the training data in a normalized way. Images
and in particular medical scans are obviously not acquired with random relation
between objects of interest and the �eld of view. This manifests itself in the
application [9] by having non-normalized position as a very strong feature for
classi�cation between cartilage and background when compared to invariant ge-
ometric scale space features. On the other hand patients will be placed slightly
di�erent depending on clinical sta�. This can be corrected using an iterative
scheme for position normalization and at the same keep the relative position
as strong feature. In this paper, we introduce an iterative position normaliza-
tion scheme for automatic segmentation tasks and our evaluation shows that it
increases the robustness of an automatic segmentation method signi�cantly.

2 Methods
2.1 Acquisition and Population
The test subjects are between 22-79 years old with an average age of 56 years,
59% females, and there are both healthy and osteoarthritic knees according to
the Kellgren-Lawrence index (KLi) [11], a radiographic score from 0-4 where
KLi = 0 is healthy, KLi = 1 is considered borderline or mild OA, andKLi ≥ 2
is severe OA. We examine 25-114 knees, 25 for training of the segmentation
method and 114 for evaluation. Of the 114, 31 knees have been re-scanned and
the reproducibility is evaluated by comparing the �rst and second scanning. In
the test set there are 51, 28, 13 and 22 scans that haveKLi = 0, 1, 2 and 3
respectively.

MRI is performed with an Esaote C-Span low-�eld 0.18T scanner dedicated
to imaging of extremities yielding a Turbo 3D T1 sequence (40◦ �ip angle, TR

50 ms, TE 16 ms). Approximate acquisition time is 10 minutes and the scan
size, after automatically removing background that contain no information, is
104 × 170 × 170 voxels. The spatial resolution of the scans is approximately
0.8× 0.7× 0.7mm3.

31 knees were re-scanned after approximately one week in order to examine
segmentation precision. All the scans have been manually delineated by a radi-
ologist in order to establish the accuracy of the automatic method and the same
31 scans were delineated twice with the purpose of examining the intra-rater
variability of the manual delineations. An example of how a MRI slice and the
manual delineation looks like can be seen in the top rows of Figures 2 and 3.
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2.2 The Cartilage Segmentation Method

The cartilage segmentation method we examine is fully automatic and consists
of two binary approximate kNN classi�ers [9] implemented in an Approximate
Nearest Neighbor (ANN) framework developed by Mount et al. [12].

Three classes are separated, tibial medial cartilage, femoral medial cartilage
and background. The method focuses on the medial compartments since OA is
more often observed there [13]. One binary classi�er is trained to separate tibial
cartilage from the rest and one is trained to separate femoral cartilage from the
rest, and these classi�ers are combined with a rejection threshold [14]. A voxel is
classi�ed as belonging to one cartilage class if the posterior probability for this is
higher than for the other cartilage class and higher than the rejection threshold,

j ∈




ωtm, Ptm,j > Pfm,j and Ptm,j > T ;
ωfm, Pfm,j > Ptm,j and Pfm,j > T ;
ωb otherwise,

(1)

where a voxel is denoted j and belongs to class ωi (tm and fm is tibial
and femoral medial cartilage and b is background). The rejection threshold, T ,
is optimized to maximize the Dice Similarity Coe�cient (DSC) [15] between
manual and automatic segmentations.

The classi�ers are trained on 25 scans using feature selection, which is se-
quential forward selection followed by sequential backward selection with the
area under the ROC curve [16] as criterion function. The selected features are:
the image intensities smoothed (Gaussian) on three di�erent scales, the position
in the image, eigenvalues and the eigenvector corresponding to the largest eigen-
value of the structure tensor and the Hessian, and Gaussian derivatives up to
third order. These features are ordered in decreasing signi�cance determined by
the feature selection.

2.3 Position Normalization Applied to the Segmentation

The placement of the knee varies slightly in clinical studies but is still a strong
cue to the location of cartilage, which is evident in the described segmentation
method where the position in the scan is selected as one of the most signi�cant
features. Even though the global location is a strong cue the minor variation
in placement is a source of errors. Segmentation methods that rely on manual
interaction is usually less sensitive to knee placement, we however seek to elim-
inate manual labor in segmentation tasks thus placement variations is an issue
that needs attention. Figure 1 shows how knee position in the scan a�ects the
automatic segmentation method.

One way of correcting for knee placement is to manually determine where
in the scan the cartilage is, but this can take time with 3D images since a
human expert typically search through the scans on a slice-by-slice basis. And
when the segmentation method itself is automatic, an automatic adjustment is
advantageous.
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Fig. 1. The DSC between manual and automatic segmentation as a function of the
distance to the mean position for the 114 scans with a line least-squares �tted to the
points, illustrating how position variance a�ects the segmentation performance.

In order to adjust the segmentation method to become more robust to vari-
ations in knee placement we have developed an iterative scheme, which consists
of two steps. First, the coordinates of the scan are shifted so that the cartilage
center of mass found from the segmentation is positioned at the location for
the center of mass for the cartilage points in the training set. Then the dilated
volume of the segmentation is classi�ed with the other features unchanged. The
dilation extends the boundary outwards by three voxels and by only classifying
the voxels inside this volume, which is typically only a few percent of the total
scan volume, the computation time is not signi�cantly increased. In order to
determine if the selected region is a reasonable choice we repeated the classi�ca-
tion with all the voxels in the image, yielding the same results with much longer
computation time. The outcome is combined according to (1) and the largest
connected component is selected as the cartilage segmentation.

3 Results

The automatic segmentation yields an average sensitivity, speci�city and DSC
are 81.1% (±11.0% s.d.), 99.9% (±0.04% s.d.) and 0.79 (±0.07 s.d.) respectively
in comparison with manual segmentations. As to inter-scan reproducibility of
the volumes from the automatic segmentations, the linear correlation coe�cient
between the �rst and second scanning is 0.86 for the 31 knees, with an average
volume di�erence of 9.3%.

After applying position normalization, the average sensitivity, speci�city and
DSC are 83.9% (±8.37% s.d.), 99.9% (±0.04% s.d.) and 0.80 (±0.06% s.d.)
respectively and it converges in only one iteration. Compared to the initial seg-
mentation there is a signi�cant increase in sensitivity (p < 1.0 ∗ 10−7) and in
DSC (p < 2.5 ∗ 10−3) according to a paired t-test. In order to illustrate how the
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segmentations are a�ected, the best and the worst results from the position cor-
rection scheme are shown in Figures 2 and 3. In the best case the DSC increases
with 0.17 and for the worst scan it decreases with 0.017.

The reproducibility of the segmentation is improved, with an increase of the
linear correlation coe�cient from 0.86 to 0.93 and the average volume di�erence
decreases from 9.3% to 6.2%. These reproducibility values can be compared to
the volumes from the manual segmentations by a radiologist for the same data
set. The linear correlation coe�cient is 0.95, and the radiologist has an average
volume di�erence of 6.8%.

The radiologist re-delineated the tibial medial cartilage in 31 scans in order
to determine intra-rater variability for the manual segmentations. The average
DSC between the two manual segmentations is 0.86, which explains the fairly
low values of the DSC in our evaluation because the method is trained on man-
ual segmentations by the expert and therefore attempts to mimic the expert.
Assuming most misclassi�cations occur at boundaries, thin structures will typ-
ically have lower DSC. The corresponding DSC of the automatic segmentation
versus expert for the tibial cartilage of the 31 scans is 0.82.

4 Summary and Discussion

We have developed an iterative method for normalization of the position used
as a feature in segmentation of the articular cartilage in the knee joint using
MRI. We maintain the strong cue given by position and simultaneously achieve
robustness (but not mathematical invariance) to the variance in the operators
placement of the knee in the scanner.

Our position normalization scheme converges in only one iteration, after
which the inter-scan reproducibility is improved, the linear correlation coe�-
cient for the volumes between the �rst and second scan occasion increases from
0.86 to 0.93, and the volume di�erence decreases from 9.3% to 6.2%. The cor-
responding values for the radiologist are 0.95 for the correlation coe�cient and
6.8% volume di�erence. There is a small but signi�cant increase in both sensi-
tivity and in DSC for the 114 scans evaluated. From Figures 2 and 3 it can be
seen that the best case is an e�cient improvement the segmentation and the
worst case is a practically unaltered segmentation, thus the segmentation is of-
ten positively and never negatively a�ected by our method. The scan with the
worst result is from a severely osteoarthritic knee which can be di�cult even for
a highly trained expert to segment.

Thus by only slightly increasing computation time our position normaliza-
tion scheme increases the sensitivity and DSC of the segmentation method, but
more importantly, the inter-scan reproducibility of the method is much improved
and is now as good as that of a radiologist, which is highly relevant in clinical
studies where the knee placement in the scanner will vary. Because the method
is completely automatic and improves the segmentation reproducibility without
increasing the computational complexity, it can become a cost e�cient tool in
clinical studies where automated segmentation methods are being used.
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Fig. 2. The scan most improved by the position correction scheme, where the DSC
increases from 0.61 to 0.77. Top row shows the manual segmentation, the second row
shows the original segmentation and the third row shows the segmentation after posi-
tion correction. The 3D views are seen from above, and the 2D images are a sagittal
slice of the segmentation.
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Fig. 3. The worst case scenario of applying position correction. The knee is severely
osteoarthric (KLi = 3). For this scan there is no improvement in DSC. The manual
segmentation is in the top row, the second row shows initial segmentation and the third
row shows the segmentation after position correction.
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Abstract. In osteoarthritis (OA) the articular cartilage degenerates,
thereby losing its structure and integrity. Curvature analysis of the car-
tilage surfaces has been suggested as a potential disease marker for OA
but until now there has been few results to support that suggestion. We
present two methods for surface curvature analysis, one that estimates
curvature on lower scales using mean curvature flow, and one method
based on normal directions of and distances between surface points given
by a cartilage shape model for high scale curvature estimates. We show
that both methods can distinguish between healthy and osteoarthritic
groups, and the shape model based method can even distinguish healthy
from mild OA with high reproducibility, indicating the potential of sur-
face curvature in becoming powerful new disease marker for cartilage
degeneration.

1 Introduction

Magnetic resonance imaging (MRI) is becoming one of the leading imaging
modalities in osteoarthritis (OA) research as it allows for non-invasive quantifi-
cation of the articular cartilage and detection of cartilage degeneration, which is
the characteristic symptom of the disease [1]. OA is second to heart disease in
causing work disability and is associated with a large socioeconomic impact on
health care systems [2].

Typical quantitative disease markers for OA is the articular cartilage volume
and thickness, where the volume on its own can be a relatively poor disease
marker [3]. Cartilage thickness measures combined with methods for finding
correspondences in anatomy can give a more localized measure of cartilage de-
generation, and be more sensitive to changes especially in load bearing parts.
Williams et al. [4] have found sub-millimeter changes in local thickness measure-
ment in a longitudinal study of OA risque subjects, but their method so far lacks
statistical evaluation and relies on manual labor.

Standard clinical treatment of OA today does not reverse the cartilage degen-
eration which makes it is important to detect the disease at an early stage, and
in clinical studies of new treatments it is equally important to detect changes
across populations as soon as possible due to the high costs associated with drug
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development. This leads to a search for new disease markers that can alone or
combined with well established ones detect OA earlier and more reliably.

Joint congruity is determined by the surface shape, and describes the extent
of which contacting joint surfaces match each other. It has been suggested that
joint incongruity is related to high peak stress and such mechanical factors can
influence the initiation and progression of OA [5]. Curvature analysis of the
articular surface can be used as an estimation of the joint incongruity since
high curvature on the overall surface will most likely lead to mismatching of the
surfaces as the joint bends.

Hohe et al. [6] have analyzed the curvature of knee cartilage surfaces from
MRI as an incongruity measure, by first segmenting the cartilage slice-by-slice
using b-splines then estimating the principal curvatures locally from a b-spline
interpolation on a 5× 5 neighborhood of surface points 6mm apart. They found
an average mean curvature of 29.6m−1 (±9.9m−1 s.d) for the tibial medial carti-
lage surface and −0.9m−1(±3.8m−1 s.d.) for the central part of the same surface,
with inter-scan reproducibility values up to 4.7m−1 root mean squared SD, on
14 healthy subjects.

Terukina et al. [7] performed an in-vitro study of the curvature in 2D by
slicing the knee joint through the sagittal plane and fitting a circle to three
equidistant points within 1cm on the cartilage surface then taking the inverse of
the radius for the curvature. They found an average curvature of 4.4m−1 for the
femoral condyle in their study intended for cartilage replacement, emphasizing
the importance of cartilage congruity in such interventions.

Even though curvature analysis shows potential as a OA disease marker,
there has so far not been any study showing how or if the curvature differs be-
tween healthy and osteoarthritic knees. Joint congruity is related to the overall
surface shape, thus mainly concern high scale curvature analysis. But low-scale
curvature analysis is also interesting since it could be related to local shape
changes and thus to focal cartilage lesions. In this paper, we present two auto-
matic methods for high and low scale curvature analysis and demonstrate their
abilities to distinguish between healthy and OA populations.

2 Curvature Estimation

We would like to analyze the curvature of the articular cartilage surface and see
if the curvature differs between healthy and OA cartilage. We would also like to
examine a wide range of scales in order to obtain the most relevant and robust
estimates.

Looking at existing methods, Terukina et al. [7] keep a constant distance
between points (d = 0.5cm) for their circle estimates. The curvature is the
inverse of the radius of the circle which is uniquely defined by taking three
neighboring points on the curve and let the arclength between them go to zero.
By not shrinking the distance at high curvature, two points can be placed at
the same approximate location giving an upper bound for the curvature value
of (d/2)−1 = 400m−1 for d = 0.5cm (see Figure 1), giving a crude estimate at
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low scales (high curvature). Another drawback is its 2D nature, where curvature
can only be estimated in the selected plane of view.

Fig. 1. Fitting a circle to three equidistant points when two of the points are approach-
ing each other (from left to right).

For non-invasive 3D curvature estimates the method of Hohe et al. [6] is
more interesting and forcing b-splines to control points of the segmented surface
at specific distances is a way of selecting a scale for the curvature analysis but
the locations of the control points are affected by the image resolution, and by
discontinuities between slices since their segmentation method is in 2D.

We apply curvature flow to super sampled volumes from a fully automatic
cartilage segmentation [8] for a relatively smooth deformation of the surface
from low towards higher scales, and evaluate the ability to discriminate between
a healthy and an OA group during the flow for this low scale analysis. We also fit
a deformable shape model to the cartilage and obtain a curvature measure from
the normals and locations of boundary points for high scale curvature analysis,
something the shape model is suitable for due to inherent regularization. Using
the shape model we also examine the importance of evaluating the curvature in
an anatomically well defined region of interest.

2.1 Curvature Estimation by Mean Curvature Flow

The mean curvature flow for a surface S is St = κMN , where κM is the mean
curvature (the mean of the two principal curvatures), t is time and its sub-
script denotes differentiation, and N is the normal of S. The standard method
for implementing surface evolution is the level set method [9], with a function
φ(x, y, z; t) which is an implicit representation of the surface at time t so that
S(t) =

{
(x, y, z) | φ(x, y, z; t) = 0

}
. In the level set formulation the mean curva-

ture flow is described by

φt = κM |Oφ| =
[
5 ( Oφ

|Oφ|
)]|Oφ|,

where Oφ is the gradient, thus the mean curvature can be written

κM =
(
φ2

x(φyy + φzz) + φ2
y(φxx + φzz) + φ2

z(φxx + φyy) (1)

−2(φxφyφxy + φxφzφxz + φyφzφyz)
)
/
(
φ2

x + φ2
y + φ2

z

)3/2
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in terms of derivatives of φ, and the derivatives are calculated using finite dif-
ferences.

For curvature flow of curves in R2 the Gage-Hamilton and Grayson theorems
assures that convex non-intersecting curves will shrink smoothly to a point. This
property does not extend to surfaces in R3 where topology changes can occur.
However existence, stability and uniqueness of viscosity solutions of the mean
curvature motion for hypersurfaces in level sets have been proved [10] [11].

The time behavior of the curvature for curves is described by a reaction
diffusion equation which is non-trivial to solve [9]. For our surfaces, we examine
the mean curvature behavior throughout the flow, starting from tibial medial
cartilage volumes from automatic segmentations [8], by taking the average of
the absolute value of the mean curvature in (1) at the tibial medial articular
surface. Reinitializations are made every 7 iterations and the time step is 0.15.
We super sample the scans, dividing each voxel into 125, with a new resolution of
approximately 0.16mm side length, meaning that the curvature flow will initially
mainly reduce partial volume effects.

2.2 Curvature Estimation by Shape Model Boundary Points

Using curvature flow the surface curvature can be analyzed at low scales, but
when moving to higher scales as the flow continues the volume loses its cartilage
like appearance and may change topology. Therefore we have developed another
scheme for high scale curvature analysis where a deformable m-rep shape model is
fitted to the cartilage. The m-rep represents an object by a mesh of medial atoms,
each associated with a position, radius and directions to the boundary [12].
Besides curvature analysis, the shape model is also used for finding anatomical
correspondences and local thickness measures in a related study [13].

Fig. 2. An m-rep surface of a tibial medial cartilage sheet to the left, large points
indicate medial atoms and small indicate boundary points. The segmented cartilage it
was fitted to is in the middle, and part of a sagittal slice with the tibial medial cartilage
delineated to the right.

The tibial medial cartilage model is fitted to the same set of automatic seg-
mentations and consists of a mesh of 4 × 8 medial atoms, from which bound-
ary points are interpolated on the articular surface with an average distance of
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approximately 0.7mm, see Figure 2. The deformable shape model framework
ensures a regular, smooth boundary which makes it well suited for high scale
curvature analysis. We define the load bearing (central) part of the articular
surface as a region of interest and estimate the curvature locally in a 5 × 5
neighborhood by taking the angle between the normals and divide it by distance
between them. Assuming short distances and small angles due to the regular-
ization, this is an approximation to the curvature, κ = dθ

ds , where θ is the angle
between two normals and s is the arc length. The average of the absolute values
of local estimations κ of the boundary points in the region of interest is chosen
as the quantitative curvature estimate. The principal curvatures are the max-
imal and minimal curvature associated with corresponding directions. For the
model there are only 8 discrete directions to choose from, and the mean of the
curvature estimates in these directions can be seen as an approximation to the
mean curvature in the region.

3 Results

Our data set consists of 139 (25 are used for training, 114 for testing) knee Turbo
3D T1 scans acquired from an Esaote C-Span low-field 0.18T scanner dedicated
to imaging of extremities (40◦ flip angle, TR 50 ms, TE 16 ms), with approximate
spatial resolution 0.8× 0.7× 0.7mm3. The test subjects are between 22-79 years
old with an average age of 56 years, 59% females, and there are both healthy
and osteoarthritic knees according to the Kellgren-Lawrence index (KLi) [14],
a radiographic score from 0-4 where KLi = 0 is healthy, KLi = 1 is considered
borderline or mild OA, and KLi ≥ 2 is severe OA. In the test set there are 51, 28,
13 and 22 scans that have KLi = 0, 1, 2 and 3 respectively. For reproducibility
evaluation, 31 knees were re-scanned after approximately one week, making the
total number of scans 170. The spatial resolution is approximately 0.8 × 0.7 ×
0.7mm3. We analyze the medial tibial cartilage in this study since OA is most
often observed in medial compartments [15].

In the mean curvature flow, there is a rapid decrease in the average mean
curvature on the articular surface initially as can be seen in Figure 3. During
this time the inter-scan reproducibility (defined as percent pairwise measure-
ment differences) is low, and an unpaired t-test cannot separate a healthy group
(KLi = 0) from an OA group (KLi ≥ 1) at a statistical significance level at 5%.
This could be a result of the cancelation of partial volume effects present in the
initial volume. As the flow propagates these values stabilize with curvature values
of approximately 500m−1 and reproducibility of 5% pairwise difference (linear
correlation coefficient around 0.4). In the separation between healthy and OA
groups there is a minimum in p-values after approximately 35 iterations, where
the p-value is = 0.0011 with inter-scan reproducibility of 6.2% pairwise differ-
ence with a linear correlation coefficient of 0.45 and average mean curvature of
660m−1 (±77m−1 s.d). At no time during the flow is it possible to separate
healthy from borderline OA (KLi = 1) groups. The increasing p-values after
around 160 iterations could be due to the inherent property of the flow that sur-
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faces shrink to spheres, and that the flow have moved from a smoothing phase
to a deformation phase. Figure 4 illustrates how a cartilage sheet deforms during
mean curvature flow.
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Fig. 3. Left: the average mean curvature of the articular surface. Right: p-values from
t-test between healthy and OA groups.

Fig. 4. The appearance of a cartilage sheet during mean curvature flow. From left to
right: after 0, 35, 100, and 200 iterations.

The curvature estimation on the boundary points of the m-rep gives an av-
erage of 45m−1 (±9.7m−1 s.d.), which is a factor 10 lower than the values of the
curvature flow method. The m-rep based method can separate the healthy from
the OA group (p = 2.6∗10−4) and can even separate healthy from borderline OA
(p = 0.0085). The linear correlation coefficient for the inter-scan reproducibility
is 0.68, with a pairwise difference in measurements of 11%. When estimating
the curvature on the entire articular surface instead of only the load bearing
part, the mean curvature is approximately the same, 46m−1 (±8.1m−1 s.d), but
the method is no longer able to separate the healthy from borderline OA group
(p = 0.086). The linear correlation is decreased from 0.68 to 0.59 in the inter-scan
reproducibility.

These results can be compared to a well established OA disease marker, the
cartilage volume normalized for bone size. Performing an unpaired t-test with
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the normalized volumes from manual segmentations by a radiologist yields a
p-value of 0.095 for the healthy vs. OA groups and 0.22 for the healthy vs. mild
OA groups.
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Fig. 5. Separation between healthy and OA groups using curvature estimation. Left:
from curvature flow after 35 iterations, right: model based curvature.

4 Discussion

We have demonstrated two methods for curvature analysis on the articular car-
tilage surface. Using shortening flow it is possible to separate a healthy from an
OA group (p = 0.0011) using the average mean curvature of the articular sur-
face points where the best separation is after 35 iterations. The inter-scan repro-
ducibility at that point has a correlation coefficient of 0.45. The method cannot
at any time during the flow separate healthy from borderline OA groups. The
model based method can separate the healthy from the OA group (p = 0.00026)
and from the borderline OA group (p = 0.0085), with a correlation of 0.68 in
reproducibility. In comparison, the normalized cartilage volume gives p-values
of 0.095 and 0.22 for the healthy vs. OA and mild OA groups respectively. The
ability to discriminate mild OA and the higher correlation for the model based
method could be explained by the shape models robust method of finding rele-
vant points on the articular surface.

The regularization of the model makes it suitable for high scale curvature
analysis, finding curvature values around 50m−1 thus structures in the cm range,
which corresponds to evaluating the overall shape of the surface and thus con-
gruity. The mean curvature flow evaluates lower scales (curvatures in the range
500m−1 thus objects in the mm range) and could be interesting when searching
for local changes or lesion on the cartilage surface. Future work will involve a
longitudinal study and ground truth evaluation.

Because significant differences between healthy and mild to severe OA pop-
ulations can be detected using curvature analysis with higher statistical signifi-
cance than a well established measure, the cartilage volume normalized for bone
size, these fully automatic methods can potentially become useful in clinical
studies as markers for cartilage degeneration.
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Abstract. MRI cartilage measurement techniques need to be sufficiently
sensitive to detect small, focal changes if they are to be used as biomark-
ers for OA drug development. Detailed cartilage thickness maps were
constructed from MRI’s of 19 healthy female volunteers. Anatomical cor-
respondence between the volunteers was achieved by constructing opti-
mal statistical shape models of the bones. Cartilage coverage across the
cohort was used to define the region of pre-morbid sub-chondral bone and
trimming boundaries which excluded the edges of the cartilage sheets.
Functional sub-regions of the joint were drawn on the mean bone shapes.
The regions of interest were propagated to all individuals, in an anatom-
ically consistent manner, using the model-based correspondences. Mean
cartilage thickness was measured within each region of interest. Exclud-
ing the edges of the cartilage sheet from the mean thickness measures
increased the reproducibility, and hence sensitivity, of the measures.

1 Introduction

Magnetic Resonance Imaging (MRI) of the knee has been shown to be an effec-
tive method for quantifying articular cartilage [1]. To be useful as biomarkers
for assessment of disease progression and drug efficacy in Osteoarthritis (OA),
MR based cartilage quantitative methods must be sufficiently sensitive to de-
tect small, focal changes in cartilage thickness. Cartilage degradation in OA is
localised and focal analysis is required to ensure that changes are detected [2].
Others have identified the need to analyse the functional compartments of the
joint independently [3] and to exclude the edges of the joint where cartilage is
difficult to measure and may not be as involved in the disease process [4]. More
sensitive measures allow effects of treatments on disease to be assessed with
fewer subjects over shorter time periods, reducing the drug development lead-
times and cost. Cartilage quantitative methods must also be scalable to enable
analysis of large clinical trials.

In this paper we present a method which enables cartilage thickness to be
measured in anatomically equivalent focal regions of the knee in a population
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of volunteers. We demonstrate that reproducibility of mean cartilage thickness
measures is improved by dividing the compartments into their functional sub-
divisions and excluding the edges of the cartilage sheets in an anatomically
consistent manner. Improved reproducibility increases the sensitivity of the mea-
sures, making them more likely to detect the effects of osteoarthritis on articular
cartilage in population studies.

2 Method

2.1 Data Acquisition

Twenty healthy female volunteers (age range 22 to 58, mean 38) were imaged
using 1.0T or 1.5T at three different centres in the UK. At each visit, two sets
of MR images were taken; a fat-suppressed T1-weighted 3D gradient echo se-
quence for visualisation of the hyaline cartilage, and a T2-weighted sequence to
permit definition of the endosteal bone surface. Both images were acquired with
0.625mm× 0.625mm× 1.6mm resolution. One volunteer was excluded from the
analysis due to an incorrect image acquisition. Further details of the study are
presented in [5].

The femur, tibia and patella hyaline cartilage was segmented manually from
the T1-weighted images by two trained, non-expert segmenters using a region
growing algorithm implemented in TOSCA (IBM, Winchester). Each image was
segmented twice by both segmenters. The endosteal surfaces of the femur, tibia
and patella were segmented from the T2-wieghted images by a third trained, non-
expert segmenter using EndPoint software (Imorphics, Manchester, UK). Closed,
triangular surface representations of the cartilage and bone were produced using
a semi-automatic approach described previously [6].

Differences between the bone and cartilage tissue properties result in finite
mis-registration artifact between the two MR sequences known as the Chemi-
cal Shift. In addition, there is the possibility of movement of the joint during
scanning, causing further mis-alignment. To ensure alignment of the bone and
cartilage from the two MR sequences, these artefacts were corrected by rigid reg-
istration. A multi-resolution search pattern was used to find the rigid transform
of the bone surface which minimised the standard deviation of the distances
from a dense set of points on the bone surface to the inner cartilage surface.

2.2 Measuring Cartilage Thickness

We wish to measure cartilage thickness at any point on the surface of the knee
joint. The bone, rather than the cartilage itself, is used as the reference surface
from which cartilage thickness is measured. This is because it is more stable
over time than the cartilage and has a consistent topology for each individual.
At each measurement point on the bone, a 3D normal to the surface was defined.
If the 3D normal did not intersect the cartilage surface within 4mm of the bone,
then the measurement point was labelled as uncovered by cartilage. If points of
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intersection of the bone normals with the inner and outer cartilage surface were
found, thickness was measured as the distance between these intersecting points.
By measuring cartilage at a dense set of points on the bone surface, a detailed
map of cartilage coverage and thickness can be constructed.

2.3 Establishing Correspondence Between Thickness Maps

In order to combine thickness measurements across a population, the individual
cartilage thickness maps need to be brought into anatomical correspondence.
Anatomical correspondence is achieved by defining a set of dense, corresponding
points on each bone shape. As discussed by Davies et al. [7], this is the dual of
constructing statistical shape models. Statistical shape models capture the vari-
ation in a training set of examples [8]. They consist of a mean shape, represented
as a dense set of points, and a set of modes of shape variation. Each example in
the training set can be represented as the mean shape and a linear combination
of the modes of variation.

In order to define anatomical correspondences, statistical models of the patella,
femur and tibia bones were built using the Minimum Description Length (MDL)
method of Davies et al. [7]. The approach automatically finds a set of correspond-
ing points on each example shape. It is based on the premise that anatomical
correspondences produce simpler, linear statistical models. Model complexity is
measured using its minimum description length criterion.

An overview of the approach is presented here. A more detailed descrip-
tion of the MDL method applied to constructing statistical shape models of the
bones can be found in [9]. Each bone surface was mapped onto a unit sphere
using the diffusion method of Brechbühler [10]. This provides a common refer-
ence for all shapes and a basis for manipulation of the correspondences. A set of
equally spaced points were defined on each unit sphere and mapped back onto
each bone surface by finding their precise locations on on their residing triangles
in barycentric coordinates, and computing the equivalent location in the corre-
sponding triangle on the original surface. This provided initial positions for a
corresponding number of points on each surface.

A multi-resolution, iterative optimisation approach was used to move the
correspondences on the bone surfaces in order to bring them into anatomical
alignment. During each iteration, each shape example was chosen in random
order and the position of its corresponding points and alignment pose were op-
timised with respect to the model description length. When the model reached
convergence, the number of corresponding points was increased by linear inter-
polation and optimisation continued at the higher resolution. When the model
converged at the highest resolution, optimisation was terminated.

2.4 Aggregate Cartilage Coverage and Thickness Maps

We wish to produce summary maps of cartilage coverage and thickness for a pop-
ulation of volunteers. Cartilage coverage and thickness was measured, for each
cartilage segmentation, at the dense corresponding points on the bone surface
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found using the MDL method. Since measurements were made at correspond-
ing points, they can be combined across the population to produce aggregate
maps and displayed on the mean bone shapes. Aggregate coverage was com-
puted as the point-wise percentage of individual coverage. Aggregate thickness
maps were similarly constructed by calculating point-wise summary statistics of
the individual thickness maps.

2.5 Defining Regions of Interest

In characterising cartilage quantity, changes to both the thickness and extent of
the cartilage sheet are of interest. Computing the mean cartilage thickness over
the currently covered bone area does not account for denuded areas where previ-
ously existing cartilage has disappeared. It is therefore necessary to estimate the
total subchondral bone region i.e. the area covered by cartilage in the pre-morbid
condition [11]. Others have used manually identification of the subchondral area
in each image slice [3].

The edges of the cartilage sheets are least involved in OA disease and are diffi-
cult to segment, particularly, given the partial volume effects where the cartilage
sheet curves into the image plane. Others have manually delineated the central,
load bearing regions of the joint in each image [4]. Morphological changes to car-
tilage due to Osteoarthritis tend to be localised. Others have identified the need
for regional analysis of cartilage but current methods require manual delineation
of regions during image segmentation [3].

Manual identification of regions of interest for each image is time consum-
ing and requires a significant level of expertise. Our framework allows us to
define regions of interest on the mean bone surface and, using the dense cor-
respondences, project them onto any individual bone shape maintaining their
anatomical fidelity.

The total subchondral area, denoted tAB (total Area of Bone), was defined
for each cartilage compartment as the connected set of measurements points
exhibited coverage in any of the segmentations. This in an overestimation of the
subchondral area in any individual. To limit measurement to the central load-
bearing sub-regions of each cartilage sheet, trimming boundaries were defined
on the mean bone shapes. The trimmed region for each cartilage compartment,
denoted TrmAB, was drawn manually as a closed polygon on the mean bone
surface, such that they tightly encompassed the points which exhibited cartilage
coverage in at least 90% of the segmentations from the healthy female volunteers.
The subchondral and trimmed regions were defined along the connecting edges of
the correspondences and could therefore be propagated to all individuals’ bone
surfaces.

Sub-regions of the femoral and tibial articular surfaces were defined on the
mean bone shapes according to the bearing surfaces of the different joint com-
partments as described in [11]. As with the coverage boundaries, the dividing
boundaries of the functional regions were drawn along the connecting edges of
the corresponding points. This enabled them to be propagated from the mean
bone shape to the individual bones maintaining their anatomical fidelity.
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2.6 Regional Cartilage Morphology Measures

The most basic quantitative measure of cartilage is volume, calculated directly
from the cartilage segmentations. Volume of cartilage, denoted V C, was com-
puted for the major compartments from the closed cartilage surfaces using Gauss’
theorem [12]. To normalise for variation in joint size, cartilage volume can be
divided by the subchondral bone area to provide a measure, denoted V C/tAB
(Volume of Cartilage divided by total Bone Area), with units of millimetres [13].
Since cartilage compartments were segmented as a whole, these measures can-
not be restricted to sub-regions of the joint. Using our framework however, it is
possible, to measure regional mean thickness using the dense, corresponded car-
tilage thickness measurements. We calculated mean cartilage thickness within a
region of interest, denoted ThCAB (Thickness of Cartilage within specified Bone
Area), as the mean of cartilage thickness measures within the region weighted
by their surrounding area. For each functional sub-compartment, the mean car-
tilage thickness was computed over both subchondral (ThCtAB) and trimmed
(ThCTrmAB) coverage regions.

3 Results

The MDL statistical shape models provided a set of 4098 anatomically corre-
sponding points each for the patella, femur and tibia. In order to provide detailed
thickness maps and enable accurate delineation of the sub-regions of the joint,
linear interpolation of the correspondence points was performed on the larger
femoral and tibial bone surfaces. This resulted in mean connected neighbour
separations of 1.09mm, 1.32mm and 1.07mm for the patella, femur and tibia
bones respectively.

Individual cartilage coverage and thickness maps were produced for each car-
tilage segmentation. This yielded a total of 76 (19 volunteers × two segmenters
× two repeat segmentations) coverage and thickness maps. Figure 1(a) shows the
aggregate coverage map, shown on the mean bone shapes, and the subchondral
and trimmed regions. The subchondral area allows compartmental volumes to be
normalised for inter-subject variation in joint sizes, and provides anatomically
consistent regions over which to compute mean thickness for each individual.
The trimmed regions, which are completely encompassed by the subchondral re-
gion, allow mean thickness to be measured over the central, load-bearing regions
of the joint, excluding the edges of the cartilage sheets.

Figure 1(b) shows the range of cartilage thickness. As expected for a healthy
cohort,the load-bearing regions of the joint exhibit thicker cartilage in partic-
ular the patella, femoral patellal groove and the load bearing regions of the
tibial compartments. Standard deviation map demonstrates consistent and low
variation, approximately 1mm, for the majority of the surface area.

Figure 2 shows the functional regions of interest shown on the mean bone
shapes and propagated to two individual bones using the dense correspondences.
The trimming boundary is shown for reference. The anatomical integrity of the
regions is largely maintained when propagated onto the individual bone surfaces.
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Fig. 1. (a) Aggregate cartilage coverage map with the subchondral (black) and trimmed
(white) boundaries. (b) Normal range of cartilage thickness.

The intra-segmenter and inter-subject variability of mean thickness measures
is shown in Table 1. They demonstrate that repeatability is improved when
measurement is restricted to the trimmed regions, implying that measurements
taken at the edges of the cartilage are less reliable [4].

Morphological Intra-Segmenter Inter-Subject
Measure CoV(%) F P LT MT F P LT MT

V C/tAB 2.91 3.18 3.23 4.80 13.8 15.4 23.6 15.9

ThCtAB 2.86 2.91 3.26 4.89 13.4 16.0 24.0 15.9

ThCTrmAB 2.79 2.58 2.91 4.04 12.6 17.1 17.9 14.6
Table 1. Intra-Segmenter and Inter-Subject coefficient of variation.

Table 2 presents the normal range of mean cartilage thickness for all func-
tional regions derived from the 19 healthy female volunteers. The results indicate
that cartilage is thicker in the central, load bearing regions. Cartilage is thicker
in the patella, femoral patella groove and the lateral tibia which is consistent
with others’ published results [1].

4 Discussion

We have introduced a method that automatically identifies dense, anatomical
correspondences invariant to individual joint shape or size. The method offers
operational advantages by allowing regions of interest to be defined on the mean
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Fig. 2. Regions of interest defined on the mean bone shapes (top) and propagated
to two of the individuals’ bone shapes. P: Patella, TrF: Trochlearfemur, MF: Medial
Femur LF: Lateral Femur, MT: Medial Tibia LT: Lateral Tibia.

(mm) F TrF LF MF P LT MT

V C/tAB 1.33 - - - 1.88 1.51 1.23
(0.16) - - - (0.29) (0.32) (0.18)

ThCtAB 1.19 1.35 1.06 1.14 1.89 1.60 1.36
(0.14) (0.22) (0.18) (0.22) (0.30) (0.35) (0.21)

ThCTrmAB 1.90 2.00 1.80 1.87 2.82 2.54 1.91
(0.22) (0.28) (0.23) (0.28) (0.48) (0.44) (0.27)

Table 2. Normal range, mean (standard deviation), of mean thickness measures.

bone shapes, and propagated to individuals in an anatomically consistent man-
ner. Regional analysis allows changes in cartilage thickness to be detected inde-
pendently in functional sub-regions, and also allows analysis to be restricted to
anatomically consistent central, load-bearing regions of the joint, where change
is more likely to occur. The intra-segmenter coefficients of variation for the mean
thickness measurements for the femoral, patellar, lateral tibial and medial tibial
compartments were reduced when measurement was restricted to the trimmed
regions. This suggests that segmentations were more repeatable in the central,
load-bearing regions of the joint. Similarly, inter-subject variation for the femur,
lateral tibia and medial tibia compartments decreased demonstrating less inter-
subject variability in the central regions of the joint making the measures more
sensitive, and increasing the likelihood of detecting change in cohort studies.
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Abstract. In this paper a method for automatic detection of erosive
destructions caused by rheumatoid arthritis is proposed. Based on hand
radiographs the algorithm detects erosions by means of an appearance
model learned from a training set of bones. The model is utilized to
classify the texture of the bone in the vicinity of the contour with respect
to erosive destructions. Quantitative results of the algorithm are reported
for a set of 17 radiographs of moderately and mildly diseased hands.

1 Introduction

Rheumatoid arthritis (RA) is a chronic systemic inflammatory disease involving
primarily the synovial membranes and articular structures of multiple, mainly
peripheral joints. The disease is progressive and results in pain, stiffness, and
swelling of joints, which show deformity and ankylosis in late stages. Recurring
inflammation of affected joints (i.e. arthritis) leads to degradation of cartilage
and bone erosions. This affects physical function and mobility, causes substantial
short-term and long-term morbidity and a significantly shorter life expectancy
compared with the general population.

The precise quantification of cartilage and bone destruction (i.e. joint space
narrowing and erosions) caused by rheumatoid arthritis is a decisive factor for
the treatment with aggressive treatment strategies (e.g. methotrexate) or bi-
ologic agents like anti-Tumor Necrosis Factor alpha (anti-TNF alpha) drugs.
Furthermore the anti-inflammatory effects of different agents, which retard ra-
diographic progression, have to be compared across clinical trials. Radiography
is used as the standard method to monitor the long-term progression of RA.

State of the art in quantification Several manual quantification methods (i.e.
scoring systems) have been published over the last 30 years [1, 2]. They are time
consuming, require specialized training and suffer from significant inter- and
intrareader variation [3] limiting long term assessment of disease progression.

? This research has been supported by the Austrian Science Fund (FWF) under the
grant P17083-N04 (AAMIR).
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Fig. 1. Proximal phalanx 3: ASM result (dashed), and refined contour used for analysis
(solid).

Recently the availability of digital image acquisition systems has prompted
the development of new, increasingly automatic, quantitative measurements of
radiographic features like bone axes, and density, or joint space width. Several
groups have developed computer-assisted image analysis systems to measure
osseous changes on radiographs over time [4–8]. Only a small number of these
methods integrate a certain degree of automation with user input. They are
restricted to angle- and distance measurements, and include manual annotation
on the image as part of the measurement procedure. Although in a number of
recent clinical studies [9, 10] erosions gave more discriminative information, the
assessment of erosive changes on the bone contour is performed manually and
thus suffers from the aforementioned limitations.

Automatic assessment of erosive changes In this paper we present a fully au-
tomatic method to assess erosive changes caused by RA. The method identifies
the bone contours in hand radiographs and subsequently analyses them with
respect to erosive bone destructions. Erosions are detected and their extent is
determined. As a result the algorithm provides the medical expert with a re-
peatable measurement of the extent of erosive destruction caused to each joint.

Paper structure The paper is structured as follows: In Sec. 2.1 the automatic
delineation of bone contours is described. The model based approach to erosion
detection in Sec. 2.2 and Sec. 2.3 forms the main part of the work. In Sec. 3
experimental results are reported, and in Sec. 4 a final discussion is given.

2 Methodology
The automatic assessment of erosive changes is performed in two main steps.
First the bone contours are delineated automatically, then the contour is ana-
lyzed w.r.t. erosive destructions. The accurate identification of the bone contour
is based on ASM driven snakes [11], and will be explained only briefly. The main
innovation of the paper is the automatic erosion detection based on local bone
appearance.
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Fig. 2. Patches are extracted from the bone contour and are classified with respect to
the presence of erosive destructions.

2.1 Locating bone contours
Given a hand radiograph the locations of the bones are determined by local
linear mapping nets and an accurate delineation of the bone contour is accom-
plished with a model driven procedure [11]. After joint positions have been es-
timated coarsely, active shape models (ASMs) identify the bone contours and
subsequently the contour estimate is refined by ASM driven snakes. Thereby a
very accurate contour delineation is obtained. Due to the landmark based nature
of ASMs positions on the bone can be identified consistently over different in-
stances of the same bone. This allows for a repeatable definition of joint regions
and follow up analysis.

Active shape models (ASMs) are based on shapes represented by a finite set
of n landmarks. Given a training set of nT annotated shapes, e.g. contours of
proximal phalanges, each shape can be represented by a 2n dimensional vector si

generated by concatenation of the x and y coordinates for 2 dimensional data. In
order to achieve a compact representation principal component analysis (PCA)
is used on the set S = {si, i = 1, . . . , nT } and thereby a new coordinate system
that represents each of the vectors

si = s̄ +
np∑

j=1

ajej , (1)

is created. The modes ej are the eigenvectors of the covariance matrix sorted
according to decreasing eigenvalue λj . s̄ is the mean shape and np can be chosen
to fulfill a given accuracy constraint. np was chosen so that 95% of the training
set variability are represented by the model. The eigenvalues λj correspond to
the variance of the data in the direction ej . It can be viewed as a mean shape of
an object and a set of valid deformations that, if applied, generate new instances
of shapes. Due to the model constraint these shapes remain in the learned class
of objects. The local texture information at the landmark positions is extracted
in the form of gray level profiles orthogonal to the contour. ASMs are described
in detail in [12, 13].

ASM search starts with a coarse estimate of the object location, and iter-
ately updates the landmark positions. The search is guided by the gray-level
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Fig. 3. Examples of bone texture patches, with the bone contour on the lower patch
border; left: affected by erosive destructions, right: not affected; upper row: radiography
texture, lower row: local gray-value range images.

information in the image and the shape constraint imposed by the eigenspace
model. The result is the landmark vector s defining the positions of the model
landmarks in the search image.

Contour refinement Although the shape constraint imposed by ASM search
fosters a highly reliable detection of the landmark positions and allows for the
consistent identification of landmarks in different instances of the bone, it can
prohibit high accuracy, due to a possibly limited representative power of the
training set. This is especially relevant in the presence of pathology that cannot
be adequately captured by the linear model underlying ASMs. Therefore the
contour delineation s is refined by a snake [11, 14] that adapts to the bone contour
while increasing the flexibility of the bone model. During refinement the elasticity
of the snake is increased, allowing for a gradual fitting of deviations from the
model. It results in a dense contour estimate ŝ. Fig. 1 shows the bone contour
of a proximal phalanx detected by ASM search (dashed line) and subsequently
refined by a snake (solid line). The mean/median error to a manual ground truth
annotation is in the range of 0.14/0.10 mm. Note that for better stability in the
base region a ridge close to the subchondral cortical plate was used as reference.

2.2 Modeling local bone appearance

Extracting appearance After the bone contour has been delineated resulting in
a dense sampling of the contour points ŝ for each point si ∈ ŝ on the bone
contour, the bone texture is extracted in the form of a rectangular patch pi

with borders parallel and orthogonal to the bone contour normal vector ni at
the position si. This results in a set of patches (pi)i=1,...,n, where pi ∈ Rv×k

i.e. a gray value patch of size v × k extracted from the image. See Fig. 2 for a
schematic overview of the texture patch extraction. For the detection of erosive
changes local range images give relevant information. They are generated from
the patches by calculating the range of gray values in a local neighborhood
for each patch pixel. In Fig. 3 examples of patches with and without erosive
destructions are depicted.
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Fig. 4. Appearance models: centers and first 4 modes of variation; left: erosion- model;
right: non-erosion model.

Modeling appearance During training each point on the bone contour is assigned
one of two classes: erosion and non-erosion. For these two classes the appearance
of the training examples is modeled by Gaussian mixture models (GMMs)[15].
That is on a trainig set of radiographs the bone contours are annotated manually
w.r.t. the two classes by a medical expert. The resulting corresponding two sets
of local range patches (pi)ERO

i=1,...,n1
and (pi)NONERO

i=1,...,n2
, resp. are used to build two

different models. A GMM comprising N Gaussians defines a probability density
function

p(x|θ) =
N∑

j=1

αjN (x|µj , Σj), and hence θ = 〈µ1, Σ1, . . . , µN , ΣN 〉, (2)

where x is an observed patch extracted from the bone contour as described
above. For each Gaussian distribution µj is the mean vector or centre and Σj

is the full covariance matrix. Both define the probability density function. The
ordered set of µj and Σj defines the GMM and will be denoted by θ. These
parameters are derived from the training data by the EM - algorithm [15].

The GMMs capture the appearance of the intact bone and that of erosions
by a clustering in the space Rvk spanned by the vectorized patches. The model
is generative. For each Gaussian the mean µj corresponds to a mean patch
or cluster center and the distribution is spanned by the eigenvectors of Σj . It
enables the model to represent a variety of erosions and bone textures in a
compact manner. However, the direct appearance based approach has limits, on
which we will comment in Sec. 3. In Fig. 4 centers and the first 4 eigenvectors of
texture variation of the two distributions θERO and θNONERO are depicted.

2.3 Detecting erosions
In order to detect erosions in a radiograph, patches are extracted along the
bone contours analogous to model building. For each patch pi the classification
is performed based on the two probability density functions p(pi|θERO) and
p(pi|θNONERO) learned during training:

l(pi) =
{

Erosion, p(θERO)p(pi|θERO) > p(θNONERO)p(pi|θNONERO)
Non Erosion, p(θERO)p(pi|θERO) < p(θNONERO)p(pi|θNONERO)

(3)
where l(pi) is a label assigned to each point on the bone contour stat-

ing whether it belongs to an erosion or not. p(θERO) (where p(θNONERO) +
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Fig. 5. Left: detection rate for 4-fold cross validation on hand radiographs; right: ex-
ample of the ratios between p(pi|θERO) and p(pi|θNONERO) for a set of contour points.
Two erosions are indicated by arrows.

p(θERO) = 1) is the prior probability for an erosion to occur. It is estimated
from the training set. The ROC - curve in Fig. 5 is reported w.r.t. this prior.

The resulting l(pi) is an indicator for the presence of erosions on each bone
contour point. It can be used to quantify the extent of the erosive destruction
directly. Moreover the label is visualized in the radiograph in order to provide
the radiologist with the possibility to verify the detected erosions.

3 Experiments

Setup Evaluation results of the method are reported for a set of 17 hand radio-
graphs. Image resolution is 0.0846mm/pixel. Manual annotations of the erosions
by a medical expert serve as relative groundtruth. Bone contours for moderately
and mildly diseased proximal phalanges (PP2, PP3, PP4, and PP5) were delin-
eated by ASMs comprising 64 landmarks, that had been trained on a different
set of 40 radiographs. A refinement of these contours by ASM driven snakes
served as reference contour for the patch extraction.

In order to investigate the performance quantitatively the bone contour was
classified with respect to erosive changes in approximately 1 pixel intervals. The
evaluation was restricted to unequivocal erosions showing all radiographic signs
(cortical break, focal osteopenia and irregular surface). On a set of 7896 labeled
patches of size 30 × 50 pixels (676 with erosions and 7250 without erosions)
extracted from the 17 images 17-fold cross validation was performed. In order
to judge the capability of the method to quantify the extent of erosions manual
annotations and automatic detection were compared.

Results In Fig. 5 left an ROC curve for the detection results from 17-fold cross
validation is depicted. Contour points were classified as described above. With a
false positives rate of 16% the classification reaches a true positives rate of 85%.
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Fig. 6. Left: Unequivocal erosive destructions indicated by circles and automatic de-
tection result (black lines) after analysis of PP2-PP5; For reference a healthy PP3 is
depicted on the right.

Fig. 5 right shows an example of the ratio between the two posteriori probabili-
ties p(pi|θERO) and p(pi|θNONERO) for a hand. The x-axis corresponds to the
indices of the extracted texture patches. Note the two peaks at the locations of
erosions indicated by arrows. Fig. 6 shows a radiograph with erosions automati-
cally marked by the algorithm. The algorithm performs poor in cases when the
texture is not sufficiently discriminative for a classification by the appearance
model e.g. erosions that only diminish the contour contrast, or do not generate
sharp structures within the bone. Radiologists classify these cases temporarily
as pre erosions, and definite diagnosis is made during follow up.

4 Conclusion

In this paper a method for the automatic detection of erosive destructions caused
by rheumatoid arthritis is proposed. The algorithm delineates bone contours on
hand radiographs automatically and subsequently analyses the bone texture.
By utilizing an appearance model that is learned from training examples the
contour points are classified with respect to erosion and non-erosion. The pro-
cedure provides the medical expert with repeatable measurements. Thus inter-
and intra-reader variation limiting therapy monitoring and multi center studies
can be minimized. The algorithm has been evaluated on the proximal phalanges
of 17 hand radiographs. An extension to other anatomical regions can by accom-
plished in a straightforward way, since both shape and appearance models are
learned during a training phase.

Future work will focus on the enhancement of erosion detection in cases when
the basic appearance model is not sufficient for reliable discrimination between
anatomy and pathology. In the context of a current trial the method will be
evaluated in a clinical setting, to assess performance w.r.t. human experts [16].
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Quantitative Vertebral Morphometry Using
Neighbor-Conditional Shape Models
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Abstract. A novel method for vertebral fracture quantification from X-ray im-
ages is presented. Using pairwise conditional shape models trained on a set of
healthy spines, the most likely normal vertebra shapes are estimated conditional
on all other vertebrae in the image. The differences between the true shape and
the reconstructed normal shape is subsequently used as a measure of abnormal-
ity. In contrast with the current (semi-)quantitative grading strategies this method
takes the full shape into account, it uses a patient-specific reference by combin-
ing population-based information on biological variation in vertebra shape and
vertebra interrelations, and it provides a continuous measure of deformity.
The method is demonstrated on 212 lateral spine radiographs with in total 78
fractures. The distance between prediction and true shape is 1.0 mm for unfrac-
tured vertebrae and 3.7 mm for fractures, which makes it possible to diagnose
and assess the severity of a fracture.

The full paper is available in the MICCAI proceedings:
R. Larsen, M. Nielsen, and J. Sporring, eds.
9th International Conference on Medical Image Computing & Computer-Assisted
Intervention – MICCAI 2006, Copenhagen, Denmark, October 1-6
Lecture Notes in Computer Science, Springer, 2006
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Automatic Cartilage Thickness Quantification

using a Statistical Shape Model

Erik B. Dam1,2, Jenny Folkesson1,
Paola C. Pettersen2, and Claus Christiansen2

1 IT University of Copenhagen
2 Center for Clinical and Basic Research

Abstract. Cartilage thickness is a central indicator for monitoring os-
teoarthritis (OA) progression. We present a novel, automatic method for
quantification of cartilage thickness from magnetic resonance imaging.
First, an automatic voxel classification produces a binary segmentation
of the cartilage sheet. Second, a statistical shape model is deformed into
the binary segmentation. Finally, the thickness map is extracted from
the shape model.
We evaluate the cartilage thickness quantification on a collection of knee
scans with both healthy and OA subjects. The method shows high repro-
ducibility and proves to be able to separate healthy from OA subjects.

1 Introduction

Osteoarthritis (OA) is a major health problem for the elderly population [1].
OA causes pain, reduced range of motion, and eventually disability — all factors
reducing quality of life. Currently, no treatment shows consistent, document
effect on OA [2]. A central problem in developing new treatments is the lack of
convincing quantification methods with high accuracy, precision and sensitivity.

A central process in OA progression is cartilage breakdown. During the early
stages of OA, local cartilage lesions cause local swelling and then thinning, even-
tually leading to holes in the cartilage. In severe OA, large areas of cartilage are
entirely missing. Cartilage volume and thickness are obvious measures for quan-
tifying this progression. Volume can capture the overall progression, whereas
thickness also has a potential for capturing the local lesions in the earlier stages.
In addition, analysis of thickness maps also gives insight into the localizations.

Much research has been devoted to quantifying this progression from radio-
graphs. This has obvious limitation due to the loss of information in the 2D
projection combined with the fact that cartilage is not visible in X-ray. We fo-
cus on quantification from Magnetic Resonance Imaging (MRI) which allows
non-invasive visualization of the cartilage [3] and direct cartilage assessment [4].

MRI sequences with near-isotropic voxels from a 3D sequence are best suited
for cartilage quantification [5] and for 3D modeling in general, giving voxel sizes
of 0.5mm or larger. Thickness quantification is therefore challenging since even
healthy cartilage is only 2-3mm thick. This inspires use of statistical, smooth
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shape models in order to allow robust segmentation and to avoid voxellation
effects. A major challenge is then the shape variability of the cartilage sheet for
severe OA with topology changes (holes) and large areas missing. The method
we propose is entirely automatic and consists of:

– Voxel classification of the knee cartilage resulting in a binary segmentation
based on the method in [6]. This step is reviewed briefly in section 3.

– Deformation of a statistical cartilage shape model in order to give a regu-
larized representation of the cartilage segmentation. The shape deformation
is described in section 4 with a brief review of the method for building the
statistical shape model [7, 8].

– Extraction of the thickness map from the shape model. Since we are using a
medial shape model, this step is quite simple. However, in section 5 special
attention is put on the potential problems with holes in the cartilage sheets.

We evaluate the thickness quantification method on a collection of 114+31+25
knee MRI (see section 2 for details). The evaluation in section 6 focuses on re-
producibility and ability to distinguish healthy from OA test subjects.

1.1 Related Work

Somewhat surprisingly, cartilage volume is relatively poor for quantification of
OA progression and in some studies there is even no detectable volume change
over time for OA patients [9] and [10]. Methods for quantification of thickness
show more promise. In [11], a statistical shape model of the underlying tibial
bone gives a cartilage coordinate map. From manual segmentations they then
produce a thickness map. Even if the method still requires manual segmentation
of both bone and cartilage, the basic approach is very sound. In [10] they are
able to detect significant thickness loss on OA patients over a six month period.

A number of semi-automatic thickness quantification methods have been pu-
blished. Some methods are essentially 2D such as the slice-wise active contour
approach in [12] and the B-spline approach in [13]. In the latter they evaluate
the accuracy of the thickness quantification for the shoulder by comparing with
measurements on extracted cartilage specimens and get differences between 15%
and 20%. In [14], they evaluate the B-spline approach from [15] which requires
2.5 hours of interaction per knee joint and get an inter-observer variability of
around 7% for the mean thickness.

In [16], from an automated 3D approach that requires around 10 minutes of
manual corrections of the segmentations per knee, they also produce cartilage
thickness maps from segmentations of both bone and cartilage similar to [11].
Their limited validation indicates that the OA subjects have thinner cartilage.

Finally, an almost fully automatic method based on a graph searching seg-
mentation algorithm [17] followed by mean thickness quantification is evaluated
on ankle joints in [18]. The evaluation on 8 cadaveric ankles show accurate thi-
ckness measurements. Presumably the method could also be used for knees.

To the best of our knowledge, no evaluation of another fully automatic me-
thod for knee cartilage thickness quantification showing difference between OA
patient and healthy has been published yet.
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2 Data Collection

We evaluate our thickness quantification method on a collection of knee MRI
prospectively acquired on an Esaote C-Span low-field 0.18 T scanner dedicated
to imaging of extremities using a sagittal Turbo 3D T1 sequence (flip angle 40◦,
TR 50ms, TE 16ms) with a voxel size of 0.70 × 0.70 × 0.78mm3. Approximate
scan time is 10 minutes.

The collection includes both left and right knees — right knee scans are
reflected in order to apply the same methodology to all scans. The test subjects
were males and females of ages between 21 and 72 years with no to quite severe
OA symptoms (scores 0 to 3 on the Kellgren and Lawrence scale (KL) [19]). The
collection contains 25 knee we use for training of the automated methods and
114 knees for evaluation. Among the 114, 31 knees were rescanned a week later.
For all scans, the cartilage was segmented by a radiologist by slice-wise outlining
(see figure 2). We focus on the medial compartment of the tibial cartilage sheet
since the correlation between degradation and clinical symptoms is predominant
in the medial compartments [20].

3 Automatic Cartilage Classification

The fully automatic classification step is based on previous work [6] and is a
k Nearest Neighbor (kNN) voxel classifier trained on the manual segmentations
from the 25 training set scans. A feature selection scheme selects a feature vector
of approximately 50 features from a collection of potential features consisting of
voxel position, intensity, Gaussian derivatives up to order three, eigenvalues and
eigenvectors for the Hessian, and eigenvalues and eigenvectors for the Structure
Tensor — all except position evaluated at multiple scales.

The segmentation results in classification of the medial compartments of
tibial and femoral cartilage (an example tibial segmentation is in figure 2).

4 Automatic Shape Model Deformation

In order to regularize the voxel classification results such that thickness mea-
surements at sub-voxel accuracy is possible, we use a deformable shape model.
Since the aim is thickness measurements, a medial model seems appropriate.

We use the m-rep as our smooth shape representation [21]. The m-rep is
a sampled medial sheet composed on medial atoms defined as a 4-tuple m =
{x, r,F, θ}, consisting of: x ∈ R

3 and r ∈ R
+, the center and radius of the

sphere, F ∈ SO(3) an orthonormal local frame, and θ ∈ [0, π) the object angle
determining the angulation of the two implied opposing boundary points to the
local frame. A subdivision surface method interpolates the implied boundary
points and produce a smooth surface. See figure 2 for an example m-rep.

The m-rep model M is deformed into a binary image I (a cartilage segmen-
tation) by optimizing the objective function:

F (M, I) = L(M, I) + α G(M) + R(M) (1)
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The image match, L, is the distance from the model boundary to the cartilage
segmentation boundary (calculated by a Danielsson distance transform [22]) in-
tegrated over the implied model boundary. The geometric typicality, G, is a
shape prior given by the Mahalanobis distance from a statistical shape model.
The model regularization, R, is an addition to the standard m-rep framework
ensuring regularization of the model coordinate system and model boundary [8].

The model is initialized by translation and scaling to fit mean and volume
of the classification. Then F is optimized by conjugated gradient descent where
global similarity transformations and deformations given by the cartilage model
principal modes of variation are allowed. Finally, the parameters {x, r,F, θ} are
optimized for each atom to fine-tune boundaries and thickness locally.

The statistical shape model used in the geometric typicality, G, is constructed
in a bootstrap shape model building framework [7]. Here a generic, flat model is
first deformed into each training shape using equation 1 with α = 0. Then a mean
model with modes of deformation is extracted using principal geodesic analysis
[23]. This provisionary statistical shape model is then used as the starting point
for a new fitting of the training shapes, and after a few iterations of fitting and
extraction of mean model and main modes of variation, the process converges to
the final statistical shape model. We build our tibial cartilage sheet shape model
from the 25 knee scans also used for training of the automatic segmentation.

5 Cartilage Thickness Map

It is trivial to construct a thickness map from a medial model since the model has
pairs of opposing boundary points with coordinates given by the shape model.
However, special attention is due to holes and gaps in the cartilage sheets.

The image match function, L, is the distance from the shape model boundary
to the cartilage boundary in the binary image. This will not allow the shape mo-
del to “crawl” into the ends of thin shapes since there is a shape boundary closer
than the end. These model boundary parts (red in figure 1) can be detected as
points where the shape model boundary normal is approximately perpendicu-
lar to the cartilage boundary distance map gradient and requires addition of a
Crawl term to the basic shape distance transform Dist in the formulation of L

that integrates over the model boundary B(M) using a parameterization s:

L(M, I) =

∫

B(M)

(1 − isRed(s)) |Dist(mb(s))| + isRed(s) Crawl(s) ds

isRed(s) = min(1, (max(0, 2 −
1

θcr

∣

∣

∣

angle(mbn(s),g(s)) −
π

2

∣

∣

∣

)))

Crawl(s) = −sign(Dist(mb(s)))
∂mb(s)

∂t
· mbn(s)

Here isRed ∈ [0, 1] is 1 if the model boundary normal mbn is less than θcr

from being perpendicular to the gradient g to the cartilage boundary distance
map Dist and goes linearly down to 0 at 2 θcr. We use θcr = 0.4.
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In Crawl the parameter t in the partial derivative on mb is an optimization
evolution parameter — making the model boundary move in the normal direc-
tion. The sign of the shape distance function ensures that the term applies both
for model boundary points inside the shape crawling into protrusions and for
points outside crawling into indentations. Thereby, this additional term allows
modeling of thin shapes as well as shapes with holes.

Fig. 1. For end model boundary points (red), the shape boundary (black) distance func-
tion (dotted iso-distance curve) offers no further help for the deformation of the model.
The model boundary points at the ends with a normal approximately perpendicular to
the shape boundary distance gradient are assigned an outwards force in the optimization
that allows the model to crawl to the shape end. The principle is identical in 3D.

This crawling/digging is crucial for modeling thin cartilage sheets with holes
and gaps. The statistical shape model ensures that the shape model keeps the
topology of healthy cartilage — while the digging ensures that holes are actually
modeled as “very thin” parts of the shape. Thereby the correspondence is pre-
served while allowing a cartilage thickness map with zero thickness. Another
behavior encountered in knees with severe osteoarthritis is that the tibial carti-
lage is all gone in the lateral side (away from the center of the knee). By using
a statistical shape model trained mainly on healthy cartilage we ensure that the
shape model is biased towards representing the full cartilage sheet — with zero
thickness at the center of the gap and gradually increasing thickness from there
due to the regularization. Figure 2 illustrates both effects.
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Fig. 2. The thickness map for a knee with severe OA (KL=3) showing osteophytes and
holes in the cartilage. A sagittal slice from the knee MR with manual outlines of tibial
cartilage in red and femoral cartilage in green (left). Next, the corresponding automatic
segmentation seen from above with a central part of the cartilage missing. The m-rep
shape model, with the grid of medial atoms in yellow and implied boundary mesh in
red, captures a probable, full cartilage sheet (third). The thickness map shows severe
thinning, with thickness 0mm in the gap center.
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6 Evaluation

The automatic segmentation step followed by the automatic shape model fitting
step provides a cartilage thickness map. Here we evaluate the mean thickness
as an osteoarthritis progression quantification measure. Our mean thickness is
measured across the cartilage sheet excluding the rim (also done in [10, 18]). In
section 6.1 we look further into focal measures.

We evaluate the thickness quantification for reproducibility using the 31 scan-
rescan pairs. Furthermore, we evaluate the ability to capture progression in OA
by testing whether the healthy subjects have significantly thicker cartilage than
the OA subjects according to a t-test. The evaluation results are in figure 3.
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Fig. 3. The reproducibility of the thickness quantification method is evaluated on the
31 scan-rescan pairs (left). The OA subjects have on average thinner cartilage, 2.09mm
compared to 2.21mm for healthy (statistically significant, p < 0.01) (right, left of dotted
line). The mean thickness goes down to 2.00mm for the KL 3 group (right, right of
dotted line). The cartilage thickness is normalized by the width of the tibial plateau.

The evaluation shows that our thickness quantification is very reproducible
and able to separate healthy from OA (significant, p < 0.01). The mean thickness
for healthy is 2.21mm and for the OA group 2.09mm. There is also a progression
of cartilage thinning with OA progression from Kellgren & Lawrence index 0 to
3. The table below compares these results to volume quantification.

Quantification Reproducibility Separation
Correlation Mean diff T-test p value

Volume manual segmentation 0.82 11.1% 0.002
Volume automatic segmentation 0.75 10.1% 0.001
Mean thickness using shape model 0.87 4.6% 0.005

While both volume and thickness quantification allow separation of the groups
of healthy and OA subject (p < 0.01), the thickness quantification is far more
reproducible. The statistical shape model proves to add robustness to the thi-
ckness quantification. However, equally interesting, the thickness map allows
investigation of the focal distribution of the progression of OA.
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6.1 Thickness Map Focal Statistics

The thickness map defined by the shape model allows focal statistics across
the test population. Figure 4 shows some examples. The mean and standard
deviation maps look more or less as expected. The cartilage is thickest towards
the intercondylar spine, and the largest variation is in the load bearing region.
Also, fairly large variation is seen at the outer edge of the thickness maps. This
could be due to the cartilage gaps that occur there in severe OA.
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Fig. 4. Statistics across the 114 evaluation scans for each position in the shape model.
The mean thickness map (left) shows up to 3mm cartilage on average close to the inter-
condylar spine. The thickness standard deviation map (center) shows largest variation
in the load bearing region as expected. The separation map (ability to separate OA from
healthy given as t-test p values) is harder to interpret.

The separation map is less clear with no obvious anatomical interpretation.
One could expect that the load-bearing region would be the region that separates
OA from healthy subject. This is not the case. The reason for this could be that
the correspondence given by the shape model is flawed — but the intuitively
nice maps for mean and standard deviation indicate that this is not the case.
Alternatively, the reason could be that progression of KL score is more related
to local cartilage lesions scattered across the sheet than to gradual thinning in
a specific region. Future research will look into this.

7 Conclusion

We present a novel, fully automatic method for measuring thickness of tibial
cartilage based on deformation of a statistical shape model into the result of a
voxel classification. The use of the statistical shape model ensures the topology
of healthy cartilage while the shape deformation allow zero thickness within the
sheet giving proper modeling of gaps in the cartilage sheet. We evaluate the
method for quantification of progression of OA. The method is able to separate
healthy from OA subjects (p < 0.01) and has a very high reproducibility (the
precision of 4.6% corresponds to 0.09mm compared to the voxel size of 0.7mm).
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Thereby, the method looks promising for use in clinical studies. Future work
will involve evaluation of the method in longitudinal studies.
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Abstract. This paper considers the problem of automatic classification
of textured tissues in 3D MRI. More specifically, it aims at validating
the use of features extracted from the phase of the MR signal to improve
texture discrimination in bone segmentation. This extra information pro-
vides better segmentation, compared to only using magnitude features.
We also present a novel multiscale scheme to improve the speed of pixel-
wise based classification algorithm, such as support vector machines. This
algorithm dramatically increases the speed of the segmentation process
by an order of magnitude through a reduction of the number of pixels
that needs to be classified in the image.

The full paper is available in the MICCAI proceedings:

R. Larsen, M. Nielsen, and J. Sporring, eds. 9th International Conference
on Medical Image Computing & Computer-Assisted Intervention - MICCAI
2006, Copenhagen, Denmark, October 1-6 Lecture Notes in Computer Science,
Springer, 2006
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Abstract. Osteoarthritis (OA) is a degenerative joint disease that in-
volves the wearing down of the articular cartilage. A typical problem
has been quantifying progression and early detection of the disease. In
this study we develop a fully automatic method for investigating knee
cartilage homogeneity on 114 manually and automatically segmented T1
knee MR images from subjects with no, mild or severe OA symptoms.
To measure homogeneity we characterize the tibial and femoral compart-
ments in each cartilage by several statistical measures and then evaluate
their ability to quantify OA progression. The discriminatory power of
each measure for separating the group of healthy subjects from group
of subjects having OA is tested statistically. Our method outperforms a
standard measure like volume in separating healthy subjects from sub-
jects having OA. We show that our method is reproducible through a
scan-rescan evaluation from additional 31 MR images.

1 Introduction

The majority of the elderly population will at some point encounter osteoarthri-
tis (OA) resulting in pain and reduced range of motion in mainly the knee
and hip joints. For the worst cases, joint replacement surgery is even required.
Currently, available treatments are directed towards relief of symptoms and at
present no drugs have shown to consistently modify joint structure or reverse
joint pathology [1]. New, accurate and precise methods are needed in order to
quantify the disease progression in clinical studies that determines the effect of
potential treatments.

A hallmark process in OA is cartilage breakdown. Therefore, typical disease
progression quantifications have traditionally been:

– Joint gap (between the femur and tibia on the knee joint) is an indirect
measure of cartilage thinning from radiographs (X-ray) where the cartilage
itself is not visible [2].

– Cartilage volume and thickness measured from magnetic resonance imaging
(MRI) where the cartilage is visible [3, 4].

However before thinning even begins, the cartilage loses its firm structure [5].
This structure is composed by the three layers of collagen fibers that allows
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absorption/expulsion of water and thereby ensures shock absorption. When this
structure is breaking down, the first stage is swelling of the cartilage which is
followed by thinning in the later stages.Therefore, measures focusing on volume
or thickness may not be adequate to capture the early stages of OA.

The early loss of integrity could ideally be measured directly by quantifying
the decrease in alignment of the collagen fibers in the three layers of the cartilage.
In the future, this will possibly be done through analysis of very high resolution
diffusion tensor MRI [6]. Due to limitations in resolution and acquisition times,
we settle for analysis of the intensities observed in regular MRI as a first step.
Instead of measuring integrity of cartilage layer alignment directly, we therefore
quantify cartilage ”homogeneity”.

In this paper, we investigate a number of measures for measuring cartilage
homogeneity and evaluate their ability to quantify OA progression. Since there is
no ground truth for cartilage homogeneity available, we cannot evaluate accuracy
directly. Possibly, a validation could be performed based on histological slices of
cartilage. However, due to the highly invasive nature of this, it is not suitable as
a standard in vivo evaluation technique.

We therefore evaluate accuracy indirectly by investigating the ability of the
measures to separate healthy knees from knees with some degree of OA from a
collection of 114 knees. We evaluate the robustness of the method by comparing
the measures obtained from both manual and automatic segmentations of the
knees. Finally we evaluate the reproducibility of the method through a scan-
rescan evaluation where measures obtained from 31 pairs of scans acquired a
week inbetween are compared. The investigation shows that a subset of the
proposed measures separates healthy from OA more accurately than volume.
Furthermore they are able to detect early stages of OA.

1.1 Related Work

Several studies have shown correlation between OA progression and the mean in-
tensities from T2 MR scans [7]. Analysis of structure has previously been applied
to anatomical structures other than the cartilage. For example the structure of
trabecular bone can be quantified by fractal signature analysis [8]. Texture anal-
ysis is also used for osteoporosis progression analysis in the form of Minkowski
functionals.

The thin cartilage structure with a typical thickness of only a few voxels com-
plicates the analysis. However, a few studies have done early feasibility studies
on the use of diffusion tensor MRI for cartilage analysis. In a small in vitro study,
it has been shown that the eigenvector orientations of the local diffusion tensor
can separate cartilage layers that to some degree reflects the alignment of the
collagenous fiber network in the articular cartilage [6].

2 Method

Image acquisition was done on a Esaote C-Span lowfield 0.18 T scanner ded-
icated to imaging of extremities acquires Turbo 3D T1 scans (40◦ flip angle,
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TR 50 ms, TE 16 ms). The scans are made through the sagittal plane with the
resolution 0.7 × 0.7 × 0.8 mm3. The dimensions of all the scans are 256 × 256
× 104 voxels. The MR scans have been manually segmented by radiologists.
Figure 2 illustrates a slice in which the tibial and femoral medial cartilage has
been manually segmented.

The 114 scans in the data set are of both left and right knees. A week later
31 knees were rescanned for the precision and reproducibility study. The test
subjects are both males and females aged between 21 and 72 years. They have
no, mild or severe OA symptoms, diagnosed by radiologists as being 0,1,2 and
3 on the Kellgren and Lawrence Index [9]. Among the 114 test subjects 51 are
healthy (KL:0) and 63 have OA (KL:1-3).

2.1 Cartilage Homogeneity

We define cartilage homogeneity to be a measure of the variation of the inten-
sities inside the cartilage compartment. To quantify homogeneity we calculate a
number of measures based on two different types of statistical methods.

First Order Statistical Methods

The first order statistical methods rely on approximating the probability of ob-
serving a particular intensity at a randomly chosen location in the image. The
measures are calculated from the gray scale histogram of the image defined by:
H(i) = ni

N ; i = 0, 1..., L− 1 where N is the number of pixels in the image, ni is
the number of occurrences for intensity i and L is the number of gray levels in
the image. Using the equation for histogram we define the following measures:

Mean (average intensity value): µ =
∑L−1

i=0 iH(i)

Standard Deviation (contrast of image): σ =
√∑L−1

i=0 (i− µ)2H(i)

Uniformity (energy of image):
∑L−1

i=0 H(i)2

Entropy Normalized (randomness): −∑L−1
i=0

H(i) log H(i)
log(q)

When measuring entropy and uniformity we smooth the histogram by decreas-
ing the number of bins. H(i) then corresponds to the number of occurrences of
intensities within a range defined by the bin width. The bin width is determined
by the Freedman-Diaconis [10] rule and is chosen to be 100. Furthermore to en-
sure invariance to change in the image quantization levels we normalize entropy
by logarithm3 (base 2) of the quantization levels (q = 4096).

Second Order Statistical Methods

The second order statistical methods measure the joint probability distribu-
tion of pairs of voxels in the image. This involves the estimation of the discrete

3 We define 0log(0) = 0
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second-order probability function Cdθ(i, j) which represents the probability of
occurrence of a voxel pair with gray levels i and j given the spacing between
the pair of voxels is d along a given direction θ. Cdθ(i, j) is called the gray level
co-occurrence matrix (GLCM) [11]. Due to the small size of the cartilage region
we only consider the immediate neighboring voxels. Furthermore to reduce the
dimensionality we assume that the joint probabilities are direction independent.
Therefore we have an averaged L × L GLCM where L is the number of gray
levels in the image.

In order to quantify this spatial dependence of gray level values, Haralick [11]
suggests 14 measures which are extracted from the GLCM. A subset of the four
most relevant measures is chosen:

Contrast:
∑L−1

i=0

∑L−1
j=0 (i− j)2C[i, j] Homogeneity:

∑L−1
i=0

∑L−1
j=0

C[i,j]
1+[i−j]

Correlation:
∑L−1

i=0

∑L−1
j=0

(i−µ)(j−µ)C[i,j]
σ2 Energy:

∑L−1
i=0

∑L−1
j=0 C[i, j]2

3 Results

3.1 Manual Segmentations

We have a total of 114 manually segmented knee MR Images. For each knee we
have the segmentations both for the tibial and the femoral medial cartilage. The
values of the measures for both tibial and femoral medial cartilage in each image
are calculated and the measures are grouped according to the KL values of the
subjects: being healthy or having OA. To determine the amount of discrimination
a measure provides we test the null hypothesis that the two distributions (healthy
and OA) have the same mean using the t-test. The resulting p-value is the
probability with which the hypothesis can be rejected. If this p-value is less
than a chosen level of significance α then we will reject the null hypothesis.
Using α = 0.05 the following measures succeeded to discriminate health from
OA: standard deviation, uniformity and entropy from first order statistics and
contrast from second order.

Table 1 lists the p-values for the hypothesis testing of all the first and sec-
ond order measures calculated from manual segmentations of the tibial medial
cartilage. The p-values are low suggesting that the measures can significantly dis-
criminate healthy from OA. Volume of the knee cartilage is considered a good
measure for monitoring OA progression [12]. To asses and compare the discrim-
inatory power of our measures we also include p-values for volume (as in [4]
volume of each cartilage is normalized by width of the subject’s tibial plateau).
Figure 1 shows the comparison between volume and entropy in capturing OA
progression (due to space constraints we only show the comparison between vol-
ume and entropy). We can see that entropy (p = 0.0005) outperforms volume
(p = 0.002) in separating healthy from OA. Furthermore it can also detect early
stages of OA. That is by separating KL:0 from KL:1 (p = 0.001).

The first row of Table 2 shows the results for manual segmentations of the
femoral medial cartilage. The p-values are high which means that the method
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Fig. 1. Comparison of volume (left) and entropy (right) as a separator for healthy
versus OA for manual segmentations of the tibial medial cartilage. The first part of
each graph shows the error bars (which represent Standard Error of the Mean (SEM))
for healthy (KL:0) versus OA (KL:0-3). The second part shows the error bars for each
group (KL:0-3) separately. Entropy (p = 0.0005) outperforms volume (p = 0.002) in
separating healthy from OA and also in detecting early stages of OA (KL:0-KL:1).

Table 1. P -Values for the hypothesis testing of all the first (left column) and second
order (right column) measures calculated from manual segmentations of tibial medial
cartilage.

Measure P -Value Measure P -Value

Volume 0.002 GLCM:Contrast 0.007
Mean 0.1 GLCM:Corrleation 0.8

Standard deviation(σ) 0.0006 GLCM:Energy 0.3
Uniformity 0.002 GLCM:Homogeneity 0.1

Entropy 0.0005

fails to discriminate. [13] shows that accuracy of the thickness measurements
from MR images is better in the weight bearing regions of femoral. It is because
the weight bearing region of the femur sustains contact with the tibial cartilage
during the gait cycle. The load bearing region is approximated by the intersection
between femoral cartilage and the result of applying a 3D morphological dilation
operator to the tibial region 10 times.

Figure 2 shows a femoral medial cartilage and its segmented load bearing
region. The second row of Table 2 shows the results for the load bearing region
of the femoral medial region. All our results for the femoral cartilage in the
subsequent sections are calculated using only the load bearing region.

3.2 Automatic Segmentations

For evaluating the robustness of our automatic method the same data set of 114
images is segmented automatically using the algorithm in [14]. The segmentation
is based on an three class approximate k Nearest Neighbor (kNN) classification
scheme. The p-values are low suggesting that our method is robust. For e.g.
entropy (p = 0.00004) outperforms volume (p = 0.001) in separating healthy
from OA. The first and second row of Table 3 shows the results for tibial and
femoral (load bearing) medial regions respectively.
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Fig. 2. A slice from a knee MR scan (left), in which the tibial medial and femoral
medial cartilage is manually segmented by radiologists. Sagittal view of segmented
femur (middle) and its load bearing region (right).

Table 2. P -Values for manual segmentations of femoral medial cartilage. The first row
shows the values for the whole femur while the second row shows the values for the
load bearing region.

Type Volume Std dev(σ) Uniformity Entropy GLCM:Contrast

Whole femur 0.3 0.4 0.06 0.2 0.1
Load bearing 0.3 0.05 0.01 0.02 0.1

3.3 Reproducibility

To evaluate the reproducibility of the approach we have an additional set of 31
re-scanned manually segmented images. For each measure we calculate the mean
percentage difference (%) and the correlation coefficient (r) with previous scans.
Table 4 shows the results for manual and automatic segmentations of the tibial
and the femoral medial cartilage respectively.

The correlation coefficient can be close to 1 even if there is a considerable
variation in the data [15]. Another way to get a correct visual assessment of the
relationship between two measures is to plot their differences against their mean.
This resultant plot is known as a Bland-Altman plot [15]. According to Bland
and Altman; if 95% of the differences lie within two standard deviations then we
can conclude that the method is repeatable. Figure 3 shows a Bland-Altman plot
for entropy of the manual segmentations of tibial and femoral medial cartilages.
We can see that the percentage differences are very low. For entropy it is less
than 5%. Therefore we can conclude that our method is highly reproducible.

Table 3. P -Values for automatic segmentations. The first row shows the results for
tibial medial cartilage. The second row shows the results for femoral medial cartilage
(load bearing region).

Type Volume Std dev(σ) Uniformity Entropy GLCM:Contrast

Tibial 0.001 0.00004 0.0002 0.00004 0.0003
Femoral 0.004 0.02 0.003 0.002 0.1
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Fig. 3. Bland-Altman plot for entropy for manual segmentations of the tibial medial
(left) and the femoral medial (right:load bearing region) cartilage. The dotted line
represents two standard deviations of the difference.

Table 4. Reproducibility results (week1-week2) for manual (prefixed m) and automatic
segmentations (prefixed a). The first two rows show the percentage differences (%) and
correlation coefficients (r) for tibial medial cartilage. The next two rows show the
results for femoral medial cartilage (load bearing region).

Type Volume Std dev(σ) Uniformity Entropy GLCM:Contrast

m-Tibial (%) 11.1 9.3 9.0 4.3 21.9
m-Tibial (r) 0.82 0.82 0.78 0.78 0.81

m-Femoral (%) 9.6 12.7 12.3 4.8 32.1
m-Femoral (r) 0.91 0.6 0.63 0.64 0.55

a-Tibial (%) 10.1 8.1 8.3 3.6 16.1
a-Tibial (r) 0.75 0.81 0.8 0.78 0.86

a-Femoral (%) 45.1 11.7 12.3 4.8 27.5
a-Femoral (r) 0.86 0.65 0.62 0.64 0.63

4 Conclusion

The results of our evaluation show that the texture of the cartilage is not ho-
mogenous and can be a marker for disease progression. We use a fully automatic
method to quantify homogeneity. We do this by characterizing the manual and
automatic segmentations of 114 knee cartilages by several statistical measures.
To determine if the measures can quantify OA progression we do a t-test to
evaluate their ability to separate healthy from OA; from a subset of measures
that succeed we choose entropy to be the measure that (tibial cartilage: man seg
(p = 0.0005), auto seg (p = 0.00004)) can discriminate healthy from OA more
confidently than a standard measure like volume [12] (tibial cartilage: man seg
(p = 0.002), auto seg (p = 0.001)). Furthermore the measures are also able to
detect early progression of OA. We also show that our method is reproducible
(tibial: % <= 4.3 for entropy). Future work may involve:

– probing the surroundings of the cartilage.
– longitudinal studies.
– comparison with histological analysis of cartilage structure.
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Abstract. Objective evaluation of structural changes in osteoarthritis is 
essential for diagnosis and evaluation of disease progression. Since 
conventional radiography is still the gold standard, in the present study a newly 
developed digital method to analyze standard radiographs of knees was 
evaluated. Joint space width (JSW), osteophyte area, subchondral sclerosis, 
deviation of the angle of the joint, and eminentia height were measured using 
the interactive application Knee Images Digital Analysis (KIDA) on a standard 
PC. Enlargements on screen can be performed, when required. The application 
provides multiple measures for all parameters as continue variables. Two 
observers evaluated the radiographs on two different occasions with one-week 
interval. The observers were blinded to the source of the radiographs and their 
previous measurements. Intra- and interobserver variation was evaluated.  
The results demonstrate KIDA to be a reliable method to quantify and 
document (for follow-up) the radiographic parameters of knee osteoarthritis.  

 
 

Introduction 

Osteoarthritis (OA) is a degenerative joint disease characterized by damage of the 
articular cartilage, changes in the subchondral bone and secondary inflammation. 
Objective quantification of these structural changes is essential for diagnosis, 
evaluation of disease progression, and assessment of efficacy of treatment. 
Conventional radiography is still the gold standard for imaging the OA joint. 
However, reliable objective quantification of radiographs is still difficult. Grading 
systems have been developed for several joints on the basis of radiographically 
observed changes related to OA. The most frequently used grading system for 
measuring the severity of OA in several joints is the one of Kellgren and Lawrence1, 
which emphasises the development of osteophytes. Up to now, only joint space width 
can be given as continuous variable. Therefore, in the present study a newly 
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developed digital method was evaluated to analyze different OA characteristics on 
standard radiographs of knees in a quantitative way. 
 

Methods 

Standardized radiographs of normal (n=10) and OA (n=55) knees were taken 
according to the semi-flexed method of Buckland-Wright2 (55kV, 5mAs, FFD=1.0 m 
with the knee against the detector). Radiographs were taken with an aluminium step 
wedge alongside in order to quantify bone density and correct for possible 
magnification of the radiograph. Joint space width (JSW), osteophyte area, and 
subchondral sclerosis, all at several predefined locations; and deviation of the angle of 
the joint, and eminentia height were measured using the newly developed Knee 
Images Digital Analysis (KIDA) on a standard PC (Figure 1).  

 

 

 

 

 

 

 

Fig. 1.  Presentation of Knee Images Digital Analysis 

The interactive computer measurement consists of 6 steps:  
1) detection of the reference wedge, followed by calculation of the maximum 

value in the (linear) region of correct exposure in the characteristic curve    
of the X-ray film or detector. 

2) indication of the edges of the joint necessary for further evaluation  
3) defining the bone-cartilage interface at 4 points in the lateral and medial 

femur and tibia,  
4) defining the top of the eminentia,  
5) indicating the osteophytes at each of the compartments, and  
6) indicating the minimal JSW.  
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Enlargements on screen can be performed, when required. Subsequently, the 
computer application provides multiple measures for joint space width (e.g. 
minimum, lateral, medial, average), for subchondral bone density (lateral, medial, 
average), height of the eminentia, joint angle deviation, and osteophyte areas (at four 
locations) as continue variables. The quantitative results can easily be statistically 
analyzed. 
Two observers evaluated all radiographs on two different occasions with one-week 
interval. The observers were blinded to the source of the radiographs and their 
previous measurements. Intra- and inter-observer variation was evaluated using the 
statistical method of Bland and Altman3. Individual KIDA data were compared to the 
overall Kellgren & Lawrence grade. The Wilcoxon rank test was used to analyse 
differences between healthy and osteoarthritic knees. Spearman correlation was used 
for comparisons of individual KIDA parameters with each other and with the 
Kellgren & Lawrence grade.  

Results 
 
KIDA can be learned within an hour. A full evaluation including data storage requires 
less than 10 minutes per radiograph. Evaluation of KIDA shows small intra- and 
inter-observer variations for all relevant parameters. E.g. observer A found a 
minimum JSW of 2.8 ±1.7 mm with a mean difference between the two observations 
of -0.02 mm (range –0.8 – 0.59) (see figure 2).  
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Fig. 2. Intra- and interobserver variations of individual parameters of Knee Images Digital 
Analysis according to the Bland and Altman method. 
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Observer A and B found a minimum JSW of 2.9 ±1.7mm with a mean difference 
between the two observations of -0.11mm (range –2.45 – 1.12). A mean eminentia 
height of 11.7 ±1.8 mm was measured with a mean difference between the two 
observers of –0.22 mm (range –10.23 – 3.58). Mean subchondral bone density was 
29.7 ±5.1 Alu Eq. with a mean difference between two observers of –0.11 Alu Eq. 
(range –1.05 – 1.67). Mean osteophyte area was 9.3 ±6.4 mm2 with a mean difference 
between two observers of 1.23 mm2 (range –5.37 – 13.39), mean angle of the joint 
was –2.5 ±2.7° with a mean difference between two observers of –0.04 (range –5.43 – 
6.31).  
Significant correlations were found between subchondral sclerosis and minimum JSW 
(R= -0.56; p<0.001) and between osteophyte formation and minimum JSW (R= -0.55; 
p<0.001). In addition, significant correlations were found between individual KIDA 
parameters and the overall Kellgren & Lawrence osteoarthritis grade (R= -0.57 with 
p<0.0001 for minimum JSW, R= 0.27 with p<0.02 for subchondral sclerosis, and R= 
0.57 with p<0.0001 for osteophyte area).  
Differences between OA and healthy individuals in individual parameters can be 
objectively measured using KIDA (Figure 3). 
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Fig. 3. Differences between healthy and osteoarthritis knees. Mean ±SEM are 
depicted for healthy knees (light grey) and osteoarthritis knees (dark grey).  
* Statistically significant differences in individual parameters between osteoarthritis 
and healthy knees are depicted.  
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Discussion 
 

These results demonstrate KIDA to be a reliable method to quantify and document 
(for follow-up) the radiographic parameters of knee OA. Evaluation of sensitivity to 
changes is a next step. Data on joint space narrowing are identified to be ~0.2mm per 
year, which is measurable by the newly developed KIDA method. However, so far 
nothing is known about the rate of changes in subchondral bone density, osteophytes, 
eminentia and joint angle deviation in the OA process, since these parameters could 
not be quantified before. KIDA may be worthwhile to the diagnosis and evaluation of 
progression of disease, as well as to the evaluation of treatment efficacy in clinical 
trials.  
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Abstract. A fully automated method for analysis of Dynamic Contrast
Enhanced MRI scans of the metacarpophalangeal joints of the hand and
assessing the extent and magnitude of inflammatory activity in rheuma-
toid arthritis is put forward. The method incorporates automated seg-
mentation, spatial registration, and a modelling of the underlying physi-
cal procedure. It affords robust and consistent quantitation of the spatial
and temporal properties of 4D datasets, allows a more robust and con-
sistent extraction of various parameters, and provides information on
procedure completion, hitherto unavailable, that is of value in guiding
the procedure and informing the reliability of the parameter estimates.
The technique is demonstrated on 10 DEMRI studies and has potential
for wider application.

1 Introduction

Rheumatoid arthritis [RA] is an inflammatory disease associated with patholog-
ical alteration of microcirculation within the synovial lining of the diarthroidal
joints such as metacarpophalangeal [MCP] joints of the hand. In Dynamic Con-
trast Enhanced MRI [DEMRI], temporal variation of MRI signal intensity occurs
following intra-venous administration of the contrast agent diethylene triamine
pentacetic acid [Gd-DTPA]. The time course of signal changes is proportional
to the underlying changes in local bulk tissue concentration of Gd-DTPA, which
in turn depends on the degree of inflammatory activity. Therefore, the extent of
inflammation and monitoring treatment-induced changes in RA can be assessed
by DEMRI [1].

In DEMRI a sequences of 3D images of the MCP joints is produced over
a period of time resulting in a four dimensional dataset (Figure 1). DEMRI
acquisition for this application has been performed on a 1.5T MRI scanner (Gy-
roscan ACS NT, Phillips Medical Systems, Best, The Netherlands), using a 3D
T1 weighted spoiled gradient echo sequence: repetition time/echo time/flip angle
= 14/3.8/40◦; field of view = 100mm, 6 slices, 3mm slice thickness, 20 dynamic
scans at 7.1 seconds intervals with 128 × 256 image matrix. The total scanning

? We are grateful to Elizabeth Berry and Steven Tanner, University of Leeds, for access
to data and provision of expert opinion.
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Fig. 1. Anatomy of the area under inspection, and the dataset structure.

time was 142 seconds. Patients were positioned prone, with their arm extended
in front of the head and a linear circular 11cm diameter surface coil placed on
the dorsum of the hand. A typical image is shown in the top left of Figure 3,
where the imaging volume encompasses 4 (2nd − 5th) metacarpophalangeals,
surrounded by cartilage, blood vessels, and muscle. Full details of the procedure
may be found at [1, 2]; the structure of the study is shown in Figure 1 (right).

The contrast agent Gd-DTPA induces selective enhancement of signal in-
tensity from about the 5th − 6th time instants. Signal enhancement occurs only
in well perfused tissues and where capillary walls allow contrast extravasation.
Inflamed synovium will enhance significantly, as will blood vessels. Surrounding
muscle will exhibit a low degree of enhancement while cortical bone and cartilage
will experience no enhancement.

DEMRI data can be analysed by either pharmacokinetic or ‘black box’ [BB]
methods. The former are computationally expensive, but provide a framework
that can be used to link MRI physics and the underlying patho-physiology that
governs Gd-DTPA kinetics, while the latter measure the effects in terms of
heuristics, describing the evolution of enhancement. BB techniques are popu-
lar and useful in every day practise; they enable automation of computations,
but do not fully use information about the data. They will take the signal inten-
sity [SI] series at each pixel (20 long in our case) and consider various properties
that may be extracted from it, without making any assumptions about under-
lying physical or physiological processes [1, 3]. A technique, which incorporates
information about the data into BB methods is introduced in this paper.

2 Current analysis

An existing semi-interactive approach for DEMRI data analysis [1] uses the
commercially available software ANALYZE [4], which employs a 3 × 3 spatial
average filter, manual segmentation of the joint exteriors and bone interiors, and
no image registration.

Each SI curve I = (s1, s2, . . . , s20) is normalised over a baseline, computed
as the mean of the first 3 values: b = (s1 + s2 + s3)/3, Î = (s1/b, s2/b, ..., s20/b).
Computation of three BB variables is performed at each pixel of each 2D im-
age. The Initial Rate of Enhancement [IRE] – informally, the greatest rate of
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intensity increase – is estimated by passing an averaging window of length n
over the signal and determining the gradient of the linear best fit in each win-
dow. The maximal such gradient is taken as IRE, and the instant at which this
occurs recorded as Tonset (n = 5 has been used with success). Maximum En-

hancement [ME], is found as a maximum of mean intensity values calculated in
each window.

It is customary then to assemble Statistical Parameter Maps [SPMs], which
are 2D images depicting these parameters: thus an SPM is a representation of 20
images, summarising some property of interest derived from one 2D section of
the data set. Examples can be seen in Figure 3 (which is best viewed in colour).

A further statistic Ntotal is the number of ‘interesting’ pixels – those with
Tonset < 8.5 and ME > 1.2. Failure to satisfy both these conditions would
indicate a SI curve without appreciable take-up, or one at which the behaviour
was not in the expected time interval.

Whereas the method enables partially automated computation of the vari-
ables, there are some drawbacks and limitations. Firstly, the estimated Tonset

corresponds to the time at which intensity is increasing fastest, and is clearly
larger than the actual time of onset of enhancement; this estimate is, of course,
trivial to improve given this time and the gradient IRE. Secondly, there is often
a proportion of curves in which the maximal intensity has not been reached.
The method does not allow identification and possible exclusion of these. Esti-
mates of ME and IRE, and assessment of tissue condition, at these locations
will not be accurate. Lastly, the definition of ‘pixels of interest’ is very crude in
practise. These issues are in no sense fatal flaws in a useful procedure, but do
represent some scope for improvement. What is absent from this approach is a
fully coherent application of the physical model driving the data acquisition.

3 Methods

3.1 Segmentation and registration

Two aspects of the current technique lend themselves to immediate improvement:
spatial registration and automated segmentation of regions not of direct interest.

Registration: The data acquired from the patients suffering from severe RA
often exhibit spatial movement. A known intensity-based non-rigid regis-
tration algorithm, which models the mapping between images as a locally
affine but globally smooth warp [5] has been applied successfully to register
all images within a slice to the first one, thereby factoring out the effects of
movement. The beneficial effects of this are obvious in examining the SPMs
derived from pre- and post-registered data, and are illustrated in Figure 3.

Segmentation: Various interactive and semi-interactive approaches are cur-
rently used in isolating the boundary of the hand, the blood vessels, and the
bone interiors to ensure that processing concentrates only on areas in which
disease may be detected and quantified. In earlier work [6] we have presented
an approach to automating this, which we have successfully deployed here
also.
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Fig. 2. A sample SI curve approximated with the model M3. t1 is onset of enhancement;
t2, plateau; t3, beginning of relaxation; ME, maximum enhancement; α, gradient of
intensity climb.

3.2 Modelling the Procedure

The behaviour of the SI curves may be explained by an underlying physical
model. Starting from a baseline, we expect particular tissues to absorb the con-
trast agent, and their intensity to climb from around the 5th time instant, usu-
ally to around the 7th − 15th instant. Following excitation, the tissue regains
its equilibrium, which may be seen as an intensity plateau. Finally, the contrast
agent leaks into the blood, which will cause the intensity values to decrease. The
commencement of this phase is tissue dependent, and is not always observed.
Therefore, the tissue under examination might exhibit one of 4 broad behaviours,
which we will label and define as:

M0 – steady state: pixels at which no enhancement of note can be detected
(these will include bone interiors).

M1 – base/climb: pixels which clearly enhance but do not reach their maximum
intensity within the 20 recorded instants.

M2 – base/climb/plateau: pixels at which the maximum is reached and an in-
tensity plateau develops.

M3 – base/climb/{plateau}/decline: pixels at which the Gd-DTPA has dissi-
pated and the intensity has detectably started to drop.

We will use this understanding of the underlying procedure to model the SI
curves, as an aid to noise reduction. This should permit improved accuracy in
the estimates of BB variables which will be extracted from the parameters of the
fitted model rather than from the raw curves. Some earlier work [3] has focused
on fitting the ‘best’ model to the observed SI behaviour, while others [7] suggest
requiring the data to fit an expected model. We seek a compromise between
these approaches.

The simplest idea is to impose a piecewise linear interpretation of each of the
models M0 − M3. Figure 2 shows an example Î signal; the noise levels here are
characteristic of the data, suggesting that a linear fit is unlikely to be inferior to
any more sophisticated model. The approximation illustrates the phases of the
most general case (M3), not all of which are present in M0 − M2.

In the same way as the established procedure, we normalise all SI curves to a
baseline of 1. Acknowledging that models will be fitted through noise, we require

Dam, Majumdar & Buckland-Wright (editors): Proceedings of the MICCAI Joint Disease Workshop 2006

67



an estimate of this. Deviations from the baseline b in the first three time instants
provide explicit noise measurements. Further, it is expected that there is no Gd-
DTPA take-up in the tissues identified as within the bone interiors; therefore,
signals corresponding to these pixels may be approximated by a constant (the
signal mean), with variations being alternative explicit noise measurements. It
is not obvious that these two different noise measurements will correspond, but
we have constructed distributions from a wide range of samples and determined
using a Kolmogorov-Smirnov [KS] test [8] that it is reasonable to take them as
the same. Accordingly, we aggregate these explicit noise measurements to derive
a more reliable empirical noise distribution.

We proceed by attempting to fit each of the M0 − M3 models in a least-
squares sense, simultaneously minimising over the model parameters. Each such
‘fit’ implies 20 noise measurements, which we compare for plausibility with the
empirically derived noise distribution. This is done using a KS test, and may
result in any number of the models being deemed ‘plausible’ – in practise, we
find that one at least is always acceptable, and at most locations, only one. Note
that we are interested in matching noise distribution and not minimising noise
observation; the latter would preclude the simpler models such as M1, M2 in
favour of M3. In the event of more than one model being acceptable, a secondary
KS statistic permits discrimination of which is ‘best’.

It is reasonable to suppose at any point that neighbouring tissue will behave
in a similar way. Arguing that the models M1, M2, M3 represent ‘ordered’ be-
haviour, we have passed a selective median filter over the labels represented. The
selectivity is that only pixels labelled 1, 2 or 3 are computed in the median.

This results in a relabelling of some pixels which are no longer in our sense
‘best fits’. In the overwhelming majority of cases, these are (in the sense of
the KS statistic) second best, suggesting that the noise distribution will not be
perturbed radically. We have considered the aggregate distribution of such and
compared it to the adopted error model; the KS statistic allows us to deduce it
is the same distribution as that of the model to which we are working. Figure 5
shows one illustration of the output of this procedure, which is further discussed
in Section 4.

We now restrict our interest to pixels at which the chosen model is one of
M1, M2, M3. ME is immediately available as the maximum intensity value of the
model, and we further disregard (as in the earlier technique) locations at which
ME < 1.2. IRE is chosen as the gradient of the intensity climb, and Tonset as
the time instant at which the intensity climb commences (t1).

4 Results

We do not have a formal noise model for the procedure we are observing, but
have already determined in Section 3 that the noise exhibited in the first 3 time
instants is statistically comparable to that observed at unaffected image loca-
tions (bone interiors). It is not immediately clear that noise characteristics will
remain unchanged during the procedure; we have considered the noise distribu-
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Method Study 1 Study 2 Study 3 Study 4 Study 5 Study 6

New 0.58 (22%) 0.59 (6%) 0.42 (10%) 0.39 (13%) 0.39 (2%) 0.54 (7%)
Old 0.68 0.63 0.51 0.57 0.57 0.68

Table 1. Ntotal computed for various studies using old and new approaches. In brackets
we include the percentage of these pixels at which we consider the procedure to be
incomplete.

tion across all Ti during the observed intensity increases: the KS test suggests
that the distribution of these errors is not distinguishable from the model we
have constructed. Of course, this is in part by definition of the model selection
process we have imposed, but we take this as evidence that the procedure is
reasonable.

Figure 3 illustrates 3 instances of an SPM of ME: at top right, the original
approach, at bottom left, the same data having benefited from co-registration
to the first time instant, and at bottom right ME has been derived using our
method. There is an incremental increase in the quality of these pictures. The
study chosen exhibits significant patient movement, and the effect of registration
to compensate for this should be clear. We note that with the new technique the
skin enhancement in the SPM has been reduced, and blood vessels partly ignored
in the map obtained with the original method are in clear evidence. This will
allow their identification and elimination. SPMs obtained with the new method
are smoother and less ‘messy’, providing clearer shape of the bone contours,
blood vessels, and disease-affected areas.

Considering Tonset, it is trivial to adjust the estimate of the original method
better to estimate the actual onset time. Our method provides an alternative
approach (t1 of Figure 2) and we have compared these. In the great majority
of cases these differ in magnitude by at most 1 and so there is arguably no
difference, but there are still many cases in which the difference is appreciable
(around 20% of locations of interest). On inspection, most of these represent
instances in which our modelling generates a better interpretation of Î , and our
estimate of Tonset is more reliable. A full analysis of the details is at [2].

This method allows a more accurate estimate of Ntotal, which helps in track-
ing disease progression. Originally, this judgement was made by requiring ME >
1.2 and Tonset < 8.5. Our approach permits an improved measure: we label as
‘uninteresting’ any pixel which assumes the label M0, or at which ME (as mea-
sured by the fitted model) is less than 1.2. Further, we are able to identify pixels
at which the procedure is yet to complete, providing an indicator of its overall
success. Table 1 shows the number of such curves (Ntotal) normalised to the total
number processed in the image (128× 256) for a selection of studies. There is a
clear qualitative difference in these numbers.

We are further able to map the Gd-DTPA take-up by plotting the adoption
of models M1 − M3. Blood vessels usually assume M3, indicating (as expected)
that intensities have peaked and are decaying. Most SI curves corresponding to
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disease-affected tissues normally assign models M2 or M3, indicating a plateau
of intensity and full absorption of the Gd. However, some require the model
M1, suggesting continuous intensity increase and that the Gd has not been fully
absorbed by the tissues during the time permitted for the procedure. Figure 5
(best viewed in colour) illustrates this for different studies; a preponderance of
red indicates the procedure is incomplete. The example on the right is clearly
inferior. Information of this nature may clearly be of use in tuning the procedure,
and in informing more reliable estimates of the BB variables.

5 Discussion and conclusions

We have considered a particular application and presented improvements to an
existing semi-automated analysis technique. One of these is an application of an
established registration algorithm [5], a second is a purpose-designed segmen-
tation approach [6], and the third is to suggest a modelling of the underlying
process that permits more precise extraction of parameters of interest. Each of
these three improves incrementally on the results of the original technique. Fur-
ther evaluation within a clinical setting is needed to examine the impact of these
incremental improvements on diagnostic utility of the proposed method.

We consider that all the improvements we suggest have potential for wider
application. Currently, we are working on a more sophisticated approach to fil-
tering the output of the model fitting, and developing robust and fully automatic
segmentation of blood vessels.
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Fig. 3. This image is best viewed in colour. A typical MR image (top L). Thereafter,
SPMs of ME: original approach (top R), with spatial registration (bottom L), obtained
using the new method (bottom R).

Fig. 4. This image is best viewed in colour. SPMs of ME with original (1st row) and
new (2nd row) approaches. Blow ups show behaviour changes within blood vessels and
bone interiors, and reduced skin enhancement.

Fig. 5. This image is best viewed in colour. Gd take-up maps obtained for slices from
2 different studies. Pixels adopting M1 are in red, M2 in green, and M3 in blue. Red
suggests the procedure is incomplete.
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Abstract. We introduce two new metrics for evaluation of segmentation
outputs obtained from Dynamic Contrast-Enhanced MRI data. Consid-
ering a live application area, we demonstrate the shortcomings of cur-
rently accepted algorithms. We present a new supervised approach as
an enhanced derivation of a state-of-the-art method, and a novel un-
supervised approach, which enables automation of segmentation output
assessment. The proposed discrepancy measure considers local blur, par-
tial volume effects, intensity variations, subtle contrast changes and the
inconsistency of human experts. We consider the approaches presented to
be an improvement on those prevailing, and worthy of wider experiment
and application.

1 Introduction

Evaluation of segmentation outputs is clearly important, but despite many years
attention has no consensus on approach. Supervised approaches (when segmen-
tation outputs are compared with manually outlined ground truth [GT]) [1–3]
are labour intensive and of uncertain reliability, while unsupervised approaches
(judging quality without GT knowledge) [4–7] are usually demonstrated on syn-
thetic datasets, rarely agree with each other, and put serious constraints on
image properties. These constraints are not generally valid for medical imagery,
which is complicated by low contrast and intensity, local blur, patient movement
artefacts, and the presence of ambiguous boundaries. The main purpose of this
research is to consider currently accepted methods, to show their limitations
in application to medical imagery, and to propose new consistent and efficient
evaluation metrics for a particular application area.

In this study, we consider Dynamic Contrast-Enhanced MRI [DEMRI] data
of the metacarpophalangeal [MCP] joint, involved in hand rheumatoid arthritis
[RA] studies. Imaging was performed using a 3D T1 weighted spoiled gradient
echo sequence: TR/TE/flip angle = 14/3.8/400, FOV = 100mm, 6 slices, 3mm

? We are grateful to Elizabeth Berry and Steven Tanner, University of Leeds, for access
to data and provision of expert opinion.
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Fig. 1. Left: Positioning of the imaging volume in the hand RA study. (Taken with per-
mission from citesasha03). Right: A typical 2D image of the MCP joint; segmentation
outputs of algorithm [9] are shown in solid and ground truth in dotted.

slice thickness, 20 dynamic scans at 7.1 seconds intervals with 128 × 256 image
matrix; the imaging volume encompasses four (2nd −5th) metacarpophalangeals
[8]. A contrast enhancer (Gd-DTPA – Gadolinium diethylene triamine pentacetic
acid) is injected and provokes selective enhancement of disease affected parts of
the joint and blood vessels. Full details of the procedure may be found in [8]. A
typical 2D image is shown in Figure 1 (right).

Our application is fraught with problems caused by patient movement, in-
tensity variations within the dataset, partial volume effects, and ambiguity of
region boundaries, making segmentation and its evaluation a challenging task.
Reliable segmentation is required in order to locate the boundaries of bone in-
teriors, which are good anchors for temporal registration, and which assist in
studying the effects of RA. Evaluation metrics are needed both to assess algo-
rithms’ performance and the quality of the segmentation outputs either in the
presence of GT information or automatically.

Sections 2.1 and 2.2 of this paper present state-of-the-art and new supervised
evaluation methods; in Section 2.3 we introduce a novel unsupervised metric.
Objective comparison of the currently accepted and novel methods is discussed
in Section 3. Section 4 concludes.

2 Methods

2.1 State-of-the-art evaluation techniques, and limitations

To measure quantitatively the results of a segmentation method, it is common
to compute a discrepancy metric between the algorithm’s output and the GT
overlay [4]. Popular metrics are based on a percentage of mutual overlap between
these regions [MMO] [1, 3, 10] or a percentage of misclassified pixels in region
interiors computed using Hausdorff distance [MHD ] [2, 11].

A debate persists on which evaluation metric is preferred [12–14]. In [13]
MMO is preferred because MHD does not provide adequate evaluation of seg-
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mentation in the case of under-segmented regions, favours over-segmented re-
gions, and its results are highly dependent on confidence in GT. Conversely, it
has been shown in [2, 14] that evaluation with MMO does not correspond to
human observers’ opinion. We will present limitations of these metrics in appli-
cations such as ours, and then propose a new one, which performs consistently
on this type of data.

– The metrics do not afford an application-adaptable threshold for a degree of
tolerance in segmentation error, and therefore cannot deal with local blur,
partial volume effects, ambiguity of region boundaries, or inconsistency of
human expert judgements. Moreover, evaluation with MMO does not always
correspond to expert opinion. For instance, the 4 regions in Figure 1 have
MMO of 81%, 74%, 53%, and 11%. With a threshold value of 80%, only the
1st region is considered ‘correct’, whereas in fact the boundaries of the 2nd
and the 3rd partially intersect with the GT and therefore reflect some of the
bones’ properties, which from a clinician’s viewpoint may make this sort of
segmentation useful.

– MMO is of most value only when the distances from GT to the segmentation
output are unimodal with low variance, and so do not include very local
significant deviations such as the boundary of the 2nd region in Figure 1. If
the boundary pixels form a ‘tail’ the evaluation can be confusing – because
the ‘tail’ area is small, MMO is still high.

– These metrics cannot be applied to non-closed boundaries.
– Interpretation of evaluation results is unclear. It is customary to set a thresh-

old for MMO to 50% to indicate an instance of correct segmentation [10],
but as shown this is not always adequate. Further, significantly different seg-
mentations can generate very similar MMO measures, making comparability
of results an issue.

Despite these drawbacks, these metrics are widely used for evaluation of segmen-
tation algorithms executed on medical imagery [10]. We propose an enhanced
metric as a derivation of MHD, which can overcome these limitations and pro-
duce comprehensive, reliable and easy to interpret results.

2.2 An enhanced supervised metric

The Hausdorff distance [HD] between segmentation output A and GT B is com-
puted by finding the minimum distance from each element of one to some element
of the other, and then finding the maximum such;

h(A, B) = max
a∈A

{

min
b∈B

d(a, b)
}

(1)

where d(a, b) is a distance metric, commonly the Euclidean distance between a
and b. The HD is asymmetric; usually h(A, B) 6= h(B, A). A general definition
of the HD between two sets and corresponding evaluation metric is then

MHD(A, B) = max{h(A, B), h(B, A)} (2)
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We introduce a tolerance threshold t to describe how separated boundaries may
acceptably become. For any two boundaries, we can compute the number of
pixels of one that are within a threshold t of the other. This number, normalised
by the total number of pixels in both boundaries, provides a metric Ht(A, B),
which gives the percentage of pixel-wise ‘closeness’ between two boundaries. Let
NA be the number of pixels in boundary A; then let At(B) be the pixels of A
within a distance t of a pixel of B. If NAt

is the cardinality of At(B), and NB

and NBt
are defined similarly, we will write

Ht(A, B) =
NAt

+ NBt

NA + NB

(3)

For a given boundary, this metric will increase monotonically with t, and con-
verge to 1. As it measures the distance between boundaries of the regions instead
of the regions themselves, it permits evaluation of open boundaries.

The parameter t is an interval of tolerance, within which pixels from one
boundary are considered as being in the vicinity of the other: this reflects the
acceptable error of segmentation. It can be adjusted for the desired segmentation
quality; for example, the width of ambiguous boundary sections, or the opinion of
experts. The tolerance can be extracted from the domain, and therefore reflects
an application-dependent acceptable segmentation error.

This metric produces easy to interpret and comprehensible results. It permits
comparison of different algorithms on various datasets or tuning a method’s
parameters. Using it, we can detect the number of pixels which coincide precisely
with the GT overlay, or assess the width of ambiguity.

2.3 Unsupervised evaluation

Difficulties in acquiring GT such as imprecise definition, paucity of information,
and time consumption have motivated research into unsupervised evaluation [4,
5], but most of this work has been demonstrated on binary or synthetic data,
with limited experiments on real world imagery. Generally unsupervised eval-
uation metrics are based on the location, shape, size, contrast, or intensity of
segmented regions, and require these regions to have homogeneous intensities,
bright contrast, or compact shapes. DEMRI data with its unfavourable charac-
teristics might not be evaluated adequately by existing metrics; we are unaware
of unsupervised evaluation metrics being successfully employed in domains with
the characteristics of ours.

We assume that as the result of segmentation some of the pixels from the ma-
chine segmented boundary will be allocated in the vicinity of the actual boundary
of the region and some not. Thus, some pixels can be thought of as of ‘high detec-
tion confidence’, others might belong to the ambiguous sections of the boundary,
or might not represent boundary at all.

In the vicinity of the ‘reliable’ pixels, we expect a contrast change, which
will be adapted to average image intensity and local image/region contrast. The
metric will then evaluate segmentation algorithms based on their ability to detect
a large number of reliable pixels in region’s boundaries.
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Fig. 2. Left: Segmentation output split into reliable (shown in white) and unreliable
(shown in black) parts. Two normals of length N are drawn across the boundary.
Middle: The intensity profiles along the normals. Right: Distribution of the boundary
pixels’ strengths (S).

As a guide to scale, we take the bounding box of a detected boundary and
compute the length of its diagonal D; in our application this is reasonable as
regions (while not circular) are not elongated. We will construct normals of
length 2N , where 2N = D/2, D/4, D/8, along which we will consider intensity
profiles. Such profiles may or may not correspond to that expected at a ‘good
edge’ – see Figure 2 (left).

To estimate the ‘reliability’ of a boundary pixel, along each profile we build
a weighted sum to measure its strength. If I1 denotes the intensity profile within
the region and I2 the profile without, we will select α1 > α2 > ... > αN > 0,
∑

i
αi = 1, and set S(N) by Equation 4.

S(N) =
∣

∣

∣

N
∑

i=1

αi · I1i
−

N
∑

i=1

αi · I2i

∣

∣

∣
(4)

The weights αi may be selected in many ways: for simplicity we have chosen
them to be linearly decreasing to 0.

When for a given profile length we examine a distribution of these strengths,
it is frequently seen to be bimodal: the reliable pixels display high strength and
the others low – an example is in Figure 2 (right). This is a useful property of this
form of application. We model this bimodality as a mixture of two Gaussians by
applying the EM algorithm [15]. A Kolmogorov-Smirnov [KS] test [16] shows that
in the majority of cases a mixture of two Gaussians is a reasonable approximation
for this bimodal distribution.

At this stage we need a discriminator between ‘reliable’ and ‘unreliable’
boundary pixels. The model delivers µ1, σ1 for the ‘high’ strengths, and µ2, σ2

for the ‘low’ strengths. Two simple choices of threshold, seeking 95% confidence,
are:

T1 = µ1 − 1.96σ1

T2 = µ2 + 1.96σ2 (5)

The choice of 1.96 may obviously be changed. If the distributions are well sep-
arated we will expect T1 ≥ T2; if this is not the case we do not satisfy the
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Metrics MO H2 H3

M1 0.16 0.15 0.18
M2 0.18 0.19 0.21
M3 0.28 0.26 0.31
M4 0.32 0.32 0.33
New Metric 0.84 0.93 0.97

Table 1. Correlation between results of supervised and unsupervised metrics

assumption that requires segmentation output to contain a number of ‘reliable’
and a number of clearly ‘mis-detected’ boundary pixels. A number of circum-
stances can cause T1 < T2 which we do not consider in this paper. We select T1

as a threshold; this produces a strict condition. This strictness is enhanced by
requiring a ‘reliable’ pixel to meet this condition at all three scales chosen.

After each boundary pixel is assessed as reliable or not, we pass a median
filter of size 3 × 3 across the border, which has a simple but beneficial effect
on the connectivity of reliable pixels. The quality of segmentation result is then
computed as the number of reliable boundary pixels normalised by the number
of pixels in the region boundary, giving a measure in the range [0, 1].

3 Experiments and Discussion

The dataset used for assessing performance had 400 regions of different noise,
contrast, and intensity level, with open, closed, ambiguous boundaries segmented
by 3 algorithms of different behaviour and underlying design criteria. They were:
region growing [9], adaptive segmentation based [17], and snake [18] algorithms.
Corresponding GT overlays were manually outlined for each region by several
human experts. Per-pixel difference between these judgements averaged 2-3 pix-
els, which suggests an appropriate t in evaluating Ht.

The performance of an unsupervised metric can be assessed by comparison
of its results with those of a supervised metric applied to the same dataset.
In these experiments we consider the metrics we have developed alongside 4
currently used unsupervised approaches. They are: Levine and Nazif inter-region
uniformity criterion [19] (will be refereed to as M1); Weszka and Rosenfeld intra-
region uniformity metric [20] (M2); Borsotti criterion [21] applied for medical
imaging [5] (M3); and Zeboudj contrast criterion [22] (M4).

The quality of the regions from the dataset has been evaluated by each metric,
then the correlation coefficients between vectors of evaluation results (400 long)
have been computed for each supervised and unsupervised approach [5]. Table 1
summarises the results.

This experiment demonstrates that the newly proposed unsupervised metric
produces reliable results, which closely correspond to the evaluation provided
by supervised approaches. M1, M2 and M3 perform adequately on DEMRI data
only if contrast is sharp, regions are homogeneous and of compact shapes. M4
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operates on contrast changes in the neighbourhoods of boundary pixels, but
cannot cope with noisy images.

We have chosen regions which can be adequately evaluated by both MMO

and Ht. The supervised metrics generate very similar results, confirming that
the novel way to assess segmentation does not contradict the state-of-the-art ap-
proach, but when necessary can cope better with regions of unfavourable quality
and shape.

For the most challenging regions we have evaluated the quality of the reliable
boundaries detected by the new metric. On average, such boundaries are 0.86
pixels away from the average GT, and more than 90% of pixels identified as
reliable coincide with GT. This suggests that the proposed metric is highly
efficient when precise segmentation is required.

The new metric can also be used in assessment of algorithm performance;
we evaluated 3 algorithms [9, 17, 18]. In our application, images from early in
the sequence provide much higher contrast; later, the enhancing agent will re-
duce contrast in diseased areas. Correspondingly, segmentation outputs’ quality
decreases. The algorithms [9, 18] are highly parameter-dependent and tend to
over-segment images from the end of the sequence and to under-segment those
from the beginning; [17] is largely free of this parameter selection problem and
provided accurate segmentation in most cases. Detailed discussion can be found
in [17]. For algorithms [9, 17, 18] on average H3 is (0.6, 0.9, 0.7) and H0 is (0.3,
0.8, 0.6). These measurements allow thorough assessment of segmentation qual-
ity at different t, tuning the algorithms’ parameters, and finding an appropriate
algorithm for an application.

4 Conclusion

In this paper we demonstrated that currently used metrics are of restricted
applicability and often cannot adequately assess segmentation outputs obtained
on some types of medical data. We have suggested a means of enhancing an
existing supervised metric to enable evaluation of closed, open, and ambiguous
boundaries in images complicated by local blur and patient movement artefacts.
The metric has been demonstrated in the assessment of segmentation of DEMRI
data of the MCP joint (but has been seen to perform consistently on other
medical or real world images too).

We have proposed a novel unsupervised metric, which enables automated
assessment of segmentation outputs, and has outperformed existing unsupervised
approaches. The metric can also be used in automatic detection of ‘reliable’
boundaries, which might assist in disease diagnoses in a variety of studies. The
metric has shown reliable performance in our domain and on images of similar
characteristics; currently we are working on experiments for wider application.
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Abstract. The bicipital groove (BG) of the proximal humerus retains
the tendon of the long head of the biceps. It is understood that the shape
of the BG is related to the probability of injury to the long biceps tendon
(LBT). Measurements taken of the BG in previous studies from dry bones
and radiographs (henceforth classical measurements) are of single cross
sections of the humerus, and may therefore overlook important BG shape
characteristics. In this study, we test the hypothesis that a novel, medial
axis-based 3D shape descriptor captures all relevant features measured
in previous work, plus more. To this end, we review previous studies
wherein classical measurements have been taken on large numbers of
BGs, yielding a distribution that reveals the nature of a normal BG.
We develop an automated approach to replicating those measurements
on MRI to determine, for each of our data sets, the deviation from the
mean of all the classical measurements. We train a classifier by pairing
our 3D representations with these deviations to evaluate the potential
for computer aided diagnosis of BG pathology based on our 3D shape
descriptor.

1 Introduction

The bicipital groove (BG) of the proximal humerus is located on the humeral
head, and is formed by the greater and lesser tuberosities (figure 1). The long
biceps tendon (LBT) is retained by the BG as the arm moves. Abnormal shape
of the BG can induce injury of the LBT. Relevant shape measurements taken
in previous work (henceforth classical measurements) include BG depth, width,
and medial wall angle (figure 2) [1–5]. A deep, narrow BG can irritate the LBT,
causing tenosynovitis. A shallow, wide BG can favour dislocation of the LBT.
Also, the presence of the supratubercular ridge of Meyer (henceforth the ridge) is
understood to greatly favour dislocation [1, 2]. In previous work, measurements
are taken at a single 2D cross section of the humeral head. Due to large intra-
subject variation in BG shape (figure 1 (b),(c)), such measurements are prone
to overlooking important shape features, motivating the need for a 3D shape
descriptor that captures information along the entire length of the BG.
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(a) (b) (c)

Fig. 1. (a) A radiograph intended to show
the location of the BG within the body
(indicated by the small intersecting axial
cross section). (b) A proximal axial cross
section showing the shape of the BG, in-
dicated by an arrow (CT scan shown for
clarity of illustration). (c) A distal axial
cross section from the same patient; note
the large difference in BG shape within a
single patient; this is typical.

A

B

C

Medial Lateral

A

B

C

Medial Lateral

Fig. 2. BG measurements taken from a
single cross section in previous literature.
A: Medial opening angle. B: Total open-
ing angle (capturing width). C: Depth.
(Adapted from [5].)

TL TM

TD

TL TM

TD

Fig. 3. Depiction of the shape descriptor
used in this study [6]. An intertubercu-
lar sheet (yellow) is computed to join the
tuberosities. A medial sheet (blue) is or-
thogonal to the intertubercular sheet and
intersects as near to the deepest BG point
as possible while remaining smooth. Mag-
nitudes of vectors (TM , TL, TD) emanating
from sampled points on these sheets and
terminating at the BG surface form sev-
eral 2D thickness fields (medial wall, lat-
eral wall, depth, and width) capturing BG
shape.

Cortical
surface

Endosteal
surface

LBT

Cortical
surface

Endosteal
surface

LBT

Fig. 4. Appearance of bone on T2-
weighted MRI. The inner surface where
bone meets bone marrow is the endosteal
surface. The outer surface where bone
meets surrounding tissue is the corti-
cal surface. We must distinguish between
these during surface extraction, because
previous population studies of BG shape
consist of measurements taken on dry
bones and radiographs. Thus, our classical
measurements should measure the cortical
surface.
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In previous work [6], we demonstrated that a 3D, medial axis-based shape
descriptor captures medically relevant shape information as 2D thickness fields
computed relative to a medial sheet positioned to approximately bisect the BG
(figure 3). In the current paper, we investigate the performance of machine learn-
ing classifiers in determining normal vs. pathological BG shapes based on this
descriptor. That is, the input is a set of thickness fields representing a BG shape,
and the expected output is a proper classification of BG shape (e.g. “normal”,
“abnormal medial wall angle”, “presence of the ridge”). The hypothesis is that
the 3D shape descriptor is sufficient for automated determination of the devia-
tion of BG shape from normal. This is a first step in answering the subsequent
question, to be addressed in future work, of whether the 3D shape descriptor is
sufficient for automated determination of the probability of injury to the LBT.
To test the hypothesis, we examine previous studies reporting classical measure-
ments taken on large numbers of BGs (dry bones and radiographs). This yields
a distribution that allows, for a set of classical measurements taken from a BG,
the determination of the deviation from the mean of the distribution. Our au-
tomated approach to classical measurement on MRI allows the determination
of where each of our BGs fits within the distribution given by previous work,
yielding the inputs to our tested classifiers. Our main motivation for pursuing
a machine learning/classification approach to this problem is that identification
of osseous spurs, the ridge, and the angle of the medial BG wall is difficult due
to lack of precise definitions of these structures. This motivates the need for a
3D shape descriptor inherently capturing these features inherently which can be
used in classifier training for identification of pathologies in these structures.

In the course of this work, we face the question: why not directly perform
a study correlating BG shape to incidence of LBT injury? The reason is that
there is an indirect relationship between the anatomical structure whose shape
we are computing (BG) and that whose probability of injury we are trying to
estimate (LBT). It is understood that an abnormal BG shape may predispose
an individual to LBT injury. For example, an osseous spur (bony abnormality)
inside of the BG can cause the LBT to fray and tear [2]. However, it is entirely
possible that at the time of the MRI scan, a patient with an osseous spur in his
BG has a perfectly healthy LBT; his LBT injury, if it is going to happen, has
not happened yet. This presents a problem when training a classifier to learn the
probability of LBT injury based on BG shape: with a practically feasible sample
size, such cases (i.e. healthy LBT in abnormally-shaped BG and vice versa) can
confuse the classifier. Given a sufficiently large sample, one expects the effect of
this confusion to be minimized, but collecting such a sample is cost prohibitive.

The indirect relationship between the BG shape and incidence of LBT injury
is one of this study’s primary motivations. By computing the classical measure-
ments of BG shape and placing each data set in context of the distribution of
measurements from previous population studies, we can determine the deviation
of each BG shape from normal. This allows us to identify and handle cases where
the patient has an injured LBT in a normally-shaped BG and vice-versa. The
other primary motivation of this study is to verify that the shape descriptor suf-
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ficiently captures, at minimum, the classical measurements of BG shape. If this
shape descriptor can be used to effectively train a classifier to perform BG shape
diagnosis, then we can proceed with confidence in a future study establishing a
relationship between this shape descriptor and the probability of LBT injury.

P
Qv1

M
v2

Search plane containing
v1 and v2

D
P

Qv1
M

v2

Search plane containing
v1 and v2

D

(a) (b)

Fig. 5. Because the BG curves with the contour of the humeral head, it is important
in measuring depth to ensure that depth is measured along vectors orthogonal to the
intertubercular sheet, lying in search planes exemplified in (a). (b) is an enlarged view
of a single search plane from (a) showing the details of the definition of the search
plane at a given slice of the BG. Segment PQ is defined to join the endpoints of the
intertubercular sheet, and vector v1 is defined from P to Q. Vector v2 is defined to
originate from the midpoint M of PQ and be normal to the intertubercular sheet at M .
The search plane is defined by v1 and v2. Rays are cast from points sampled uniformly
along and orthogonal to PQ, constrained to lie in the search plane, and terminating
at the BG surface. The length of the longest such ray (indicated by D) is determined
to be the depth of the BG on this slice.

The remainder of this paper is organized as follows. In section 2 our data
sets and experimental approach are described. In section 3 we give our results
and a discussion, and in section 4 we give some concluding remarks.

2 Material and Methods

This study is based on 32 T2-weighted MRIs of the shoulder taken at 1.5T. 10
of these data sets correspond to patients diagnosed with a normal LBT; 22 are
diagnosed as abnormal (subluxation, dislocation, or tear). Our approach is as
follows (see figure 6).
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Fig. 6. Procedure followed in this investigation. Extracted BG surface points are used
to compute a 3D shape descriptor (figure 3), and also used to compute “classical”
measurements of BG shape used in previous work (figure 2). Based on distributions
of classical measurements determined in previous studies, a diagnosis of normal versus
pathological shape is made for each data set based on its classical measurements. These
diagnoses form labels for a set of training shapes given to a classifier, which attempts
to correctly label BG shapes in the test set. We evaluate the accuracy of the classifier
based on a comparison of these labels to known labels for the test set.
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Fig. 7. (a) A medial wall field rendered as a 2D image, with one axis along the bone
(axial) dimension, and the other along the depth of the BG. (b) The same field af-
ter rescaling along the depth dimension to transform it into a percentage of depth
dimension for alignment.

1. Compute classical measurements.1 Given a set of points sampled from
a BG surface, we automatically compute the width, depth, and medial wall
angle (figure 2) of each data set. Care must be taken to ensure that the

1 The authors wish to acknowledge and thank Eli Gibson for his efforts in discussion
and implementation of this approach to automated classical measurement.
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cortical surface of the bone is extracted, to ensure consistency with previous
population studies of dry bones and radiographs (figure 4). Segmentation is
not the focus of our study and is done manually. To take the measurements,
the BG surfaces are first rotated so that slicing axially yields cross sections
orthogonal to the humerus. An intertubercular sheet is fitted to the tuberosi-
ties (figure 3). At each axial slice S, the intertubercular sheet appears as a
line segment PQ with endpoints P and Q touching the tuberosities. The
depth D of the BG on S is determined as shown in figure 5. The width of
the BG at S is the length of PQ. Starting from the deepest point on the BG
surface on S, points sampled along the medial wall define endpoints of line
segments approximating the wall. Angles of these line segments with respect
to the segment PQ are recorded for S. So, for each BG, we have a set of
depth and width values and a set of medial wall angles. Since measurements
taken in previous work are of a single slice, and previous authors are not
specific in describing how the slice is chosen [7, 2, 4], we aggregate all of our
measurements by taking the mean for a single data set. This yields a single
depth, width, and medial wall angle for each data set for comparison pur-
poses. This single-slice limitation further reinforces the need for a 3D shape
descriptor.

2. Label normal and pathological cases. Previous studies took measure-
ments of depth, width, and medial wall angle on dry bones and radio-
graphs [7, 2, 4]; 130 patients in total. The results are as follows. Medial wall
angle mean: 60.02◦, standard deviation (SD): 15.32◦. Depth mean: 4.19mm,
SD: 0.96mm. Width mean: 7.9mm, SD: 1.42mm. To provide a binary classi-
fication of each BG to the classifier for training, we must specify a standard
deviation cutoff defining normal vs. abnormal. We choose a threshold (1.5
SD for our data, for all measurement types) that results in half of the data
being normal, presenting the greatest challenge to the classifier. Thus, at-
tempts to classify at random result in the poorest possible performance (e.g.
if 90% of the data sets were normal, a classifier could achieve 90% accuracy
by simply classifying all test sets as normal). Each data set is also labeled
according to expert observation of the presence of the ridge.

3. Computation of 3D shape descriptor. An intertubercular sheet is fitted
to close the BG, and a medial sheet is computed orthogonal to the intertu-
bercular sheet on each slice. Medial and lateral wall, depth and width fields
are computed relative to the sheets (figure 3). Our previous publication [6]
gives further details.

4. Anatomical correspondence. To prepare the thickness fields for machine
learning, we establish anatomically meaningful correspondence between el-
ements. Point (i, j) in any thickness field should correspond anatomically
with points (i, j) in the thickness fields of all other data sets. Establishing
correspondence is challenging for the BG as it lacks meaningful anatomical
landmarks. Due to the large slice thickness, the proximal end of the BG
is not reliably determined, and a method for determining the distal end is
debated [4]. Our approach is indirect: since the BG is formed by the tuberosi-
ties of the humerus we align the humeri, consequently aligning the BGs. Our
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shape descriptor is invariant to rigid transformations except axial transla-
tion, and it is not invariant to changes in scale. To establish correspondence,
we find the parameters of the best-fit sphere to the humeral head using the
Hough transform. We align all thickness fields such that the axial coordi-
nate of these sphere centers are the same, thus aligning the bones. We scale
thickness fields to normalize for humeral head size, according to the spheres’
radii, resulting in a set of thickness fields (e.g. figure 7(a)), normalized for
scale and aligned along the bone (axial) dimension. Finally, we rescale the
field along the depth dimension to make the fields rectangular by resampling
thickness values from 0 to 100% along the depth of the BG (figure 7(b)).

Classical Measurement Classifier Error No. Principal components

Width Quadratic Bayes 0.1875 6
Depth Min. LS Linear 0.1875 6

Medial wall angle Quadratic Bayes 0.3750 15
Supratubercular ridge Min. LS Linear 0.1250 6

Table 1. Results of testing of classification, showing the methods that gave the best
performance against our data. The error indicates the proportion of data sets that were
mis-classified.

5. Classification. We performed dimensionality reduction using PCA on the
1000D vectors formed by the thickness fields. We then trained several classi-
fiers against the dimensions of the thickness field data capturing 95% of the
variation. We also trained classifiers to recognize the presence of the supratu-
bercular ridge of Meyer [1] from the depth fields. Testing was performed in
a leave-one-out fashion, with classification errors averaged over all rounds.

3 Results

Table 1 shows the results of classification. Accuracy was over 80% for most clas-
sifications; different types of classifiers performed best for different tasks. Using
classifiers in the PRTools v.4 package 2, we obtained best results with the min-
imum least square linear classifier and quadratic Bayes normal classifier. No
classifier performed adequately in diagnosis of medial wall angle abnormalities.
Vagueness regarding the slice locations of BG measurements taken in previous
studies may also adversely affect classification. Considering these obstacles, the
results are encouraging; they suggest that the majority of important BG shape
features are captured by our representation. Especially encouraging is the clas-
sification performance for the ridge, which can be difficult for the human expert
to identify.

2 PRTools v.4, Delft U. of Technology
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4 Conclusion

In this work, we investigated the ability of a 3D shape descriptor for the BG to
capture aspects of shape known to be related to LBT injury. We showed this by
demonstrating that classification algorithms can be trained, using our shape de-
scriptor, to perform accurate diagnosis of BG shape abnormality. The outcome of
this investigation is that classification performance using this shape descriptor is
acceptable, given the practical obstacles of small sample size and lack of precise
literature specifying how some classical measurements were taken in previous
studies. The auxiliary aim of this work is to illustrate practical considerations
that need to be addressed in a computational study of musculoskeletal disorders
on real data, such as development of strategies for handling small sample sizes
and anatomical alignment of structures that may lack clear anatomical land-
marks. Future work includes establishing the relationship between the 3D shape
of the BG and the incidence of injury to the LBT.
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Abstract. Cartilage volume is the most obvious quantification of carti-
lage breakdown when monitoring osteoarthritis progression. We present
a novel algorithm for speeding up voxel classification by an order of
magnitude. This new classification scheme is used for fully automatic
segmentation of tibial and femoral articular knee cartilage.

We evaluate the method on a collection of 114+31+25 knee MR scans
of both healthy and OA subjects, and show that the segmentations are
identical to the segmentation from a straight-forward voxel classification
method. Furthermore, the method shows high reproducibility and proves
to be able to separate healthy from OA subjects.

1 Introduction

Osteoarthritis (OA) is a very common age-related joint disease; in fact the majo-
rity of the elderly population will experience OA [1]. The total economic burden
of arthritis is estimated at 1–2.5% of the gross national product of Western coun-
tries; OA accounts for the major share of this burden [2]. The disease causes
pain, joint swelling, reduced range of motion, and disability. Thereby, it is a
severe cause for reduced quality of life.

Currently, no treatment shows consistent, document effect on OA [3]. A cen-
tral problem in developing new treatments is the lack of convincing quantifica-
tion methods with high accuracy, precision and sensitivity. For clinical trials,
automatic and precise progression quantification is needed in order to eliminate
observer variability and thereby allowing smaller study populations and accurate
quantification is needed to allow shorter study duration.

A central process in OA progression is cartilage breakdown. During the early
stages of OA, local cartilage lesions occur causing local swelling and then thin-
ning, which in later stages leads to holes in the cartilage. In severe OA, large
areas of cartilage are entirely missing. Cartilage volume is the most obvious
measure for quantifying this overall breakdown.

Much research has been devoted to quantifying this progression from radio-
graphs. This has limitation due to the loss of information in the 2D projection
combined with the fact that cartilage is not visible in X-ray. We therefore fo-
cus on quantification from Magnetic Resonance Imaging (MRI) which allows
non-invasive visualization of the cartilage [4] and direct cartilage assessment [5].
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This work is standing on the shoulders of previous work on cartilage segmen-
tation. In [6, 7], we presented a fully automatic cartilage segmentation method
based on supervised learning. This method is reviewed in section 3.

The contribution of this paper is an efficient algorithm for performing voxel
classification. The algorithm is generally applicable, and is here evaluated on the
task of performing cartilage segmentation. The algorithm, described in detail in
section 4, works by random sampling of a sparse set of seed voxels, followed by
voxel classification performed in regions where cartilage is located only. Thereby,
the computation time needed for performing classification is reduced by an order
of magnitude.

We evaluate the automatic volume quantification method on a collection of
114+31+25 knee MRI (see section 2 for details). The evaluation in section 5
focuses on the efficiency of the new method as well as the the equivalence of the
segmentation results between the new and the original methods. We also evaluate
reproducibility and ability to distinguish healthy from OA test subjects.

1.1 Related Work

Somewhat surprisingly, cartilage volume is relatively poor for quantification of
OA progression and in some studies there is even no detectable volume change
over time for OA patients [8] and [9]. However, even if cartilage volume alone
is not the best quantification of OA progression, cartilage segmentation is still
a necessary step in quantification of more sensitive measures such as cartilage
thickness.

A number of semi-automatic cartilage segmentation methods have been pu-
blished. Some methods are essentially 2D such as the slice-wise active contour
approach in [10] and the B-spline approach in [11]. In the latter they evaluate
the accuracy of the thickness quantification for the shoulder by comparing with
measurements on extracted cartilage specimens and get differences between 15%
and 20%. In [12], they evaluate the B-spline approach from [13] which requires
2.5 hours of interaction per knee joint and get an inter-observer variability of
around 6% for volume quantification. Another study also using the same B-spline
approach get a scan-rescan reproducibility of 5.5% for volume measurement of
the medial tibial cartilage for high-resolution MRI [14].

In [15], from an automated 3D approach that requires around 10 minutes of
manual corrections of the segmentations per knee, they produce segmentations of
both bone and cartilage. Their limited validation indicates that the OA subjects
have thinner cartilage.

Finally, an almost fully automatic method based on a graph searching seg-
mentation algorithm [16] followed by mean thickness quantification is evaluated
on ankle joints in [17]. The method requires a simple, manual initialization and
then requires 4 minutes and 30 seconds of computation on average. The evalua-
tion on 8 cadaveric ankles show accurate thickness measurements. Presumably
the method could also be adapted to knees.
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2 Data Collection

We evaluate our thickness quantification method on a collection of knee MRI
prospectively acquired on an Esaote C-Span low-field 0.18 T scanner dedicated
to imaging of extremities using a sagittal Turbo 3D T1 sequence (flip angle 40◦,
TR 50ms, TE 16ms) with a voxel size of 0.70 × 0.70 × 0.78mm3. Approximate
scan time is 10 minutes.

The collection includes both left and right knees — right knee scans are
reflected in order to apply the same methodology to all scans. The test subjects
were males and females of ages between 21 and 72 years with no to quite severe
OA symptoms (scores 0 to 3 on the Kellgren and Lawrence scale [18]). The
collection contains 25 knee we use for training of the automated methods and
114 knees for evaluation. Among the 114 knees, 31 were rescanned a week later.
For all scans, the cartilage was segmented by a radiologist by slice-wise outlining
(see figure 1). We focus on the medial compartments of the tibial and femoral
cartilage sheets since the correlation between degradation and clinical symptoms
is predominant in the medial compartments [19].

3 Automatic Cartilage Classification

The fully automatic classification step is based on previous work [6] and is a k
Nearest Neighbor (kNN) voxel classifier trained on the manual segmentations
from the 25 training set scans. A feature selection scheme selects a feature vec-
tor of around 40 features from a collection of potential features consisting of
voxel position, intensity, Gaussian derivatives up to order three, eigenvalues and
eigenvectors for the Hessian, and eigenvalues and eigenvectors for the Structure
Tensor — all except position evaluated at multiple scales. In the implementation
we use an approximate nearest neighbor classifier [20].

A separate one-versus-all classifier is used for tibial and femoral cartilage.
The resulting posterior probability maps are then combined into a single label
map where each voxel is classified as the tibial or femoral cartilage depending on
which posterior probability is highest provided that probability is above a thre-
shold (98%) — otherwise the voxel is classified as background. This is followed
by extraction of the largest connected component for each compartment in order
to clean the segmentation and dispose of stray, false positives. The segmenta-
tion thereby results in a segmentation of the medial compartments of tibial and
femoral cartilage (see example in figure 1).

4 Efficient Voxel Classification

The segmentation method based on voxel classification described above is very
appealing in many respects. It is very accurate (compared to manual expert seg-
mentations), very reproducible (evaluated on scan-rescan pairs), and completely
automatic. However, it is fairly slow — the entire computation takes more than
an hour.
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Fig. 1. Scan and manual cartilage segmentations for an example knee. A sagittal slice
from the knee MR with manual outlines of tibial cartilage in red and femoral cartilage
in green (left). The same cartilage sheets are visualized seen from below the center of
the knee (right).

Even though computation power is relatively in-expensive, such long compu-
tation times are inconvenient in clinical studies using thousands of scans. The
main computational steps and the approximate computation times are:

Initialization of KNN classifier 1 min
Feature extraction 9 min
Voxel classification 60 min

The initialization of the KNN classifier is not really important. It is fairly
quick, and in a settings where multiple scans are to be segmented, the classifier
only has to be initialized once. The feature extraction step is somewhat expen-
sive computationally. However, in this paper we will not go into strategies for
optimizing this step.

The voxel classification is the big culprit in terms of computation time. Every
single voxel in the scan is classified as being tibial cartilage, femoral cartilage,
or background. Since a scan has more than two million voxels, this takes time.

The basic idea behind the efficient voxel classification algorithm, that we
present here, is simply not to classify all voxels but to focus mainly on the car-
tilage voxels. The algorithm is conceptually very simple. We sample a set of
starting voxels randomly. Each starting voxel is then classified as either carti-
lage or background. If the voxel is cartilage, we continue with classification of
the neighboring voxels. This expansion process continues until we find no more
cartilage voxels.

This results in a number of connected regions of cartilage. Provided that our
initial sampling of starting voxels hits each cartilage sheet in at least a single
voxel, the resulting segmentation will be exactly like the one resulting from a
full classification of all voxels. This can be ensured by simply making the initial
random sampling not too sparse. For knee scans, we know that some parts of the
tibial/femoral cartilage sheets will be fairly near the center of scan. We therefore
sample fairly densely at the center of the scan and gradually more sparsely away
from the center. Using a sampling probability of 5% for each voxel at the center,
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the probability of missing all 4000 tibial cartilage voxels is in the order of one to
the number of atoms in the universe (and even lower for the femoral cartilage).

The method in algorithmic detail is in algorithm 1. The process is illustrated
for an example scan in figure 2. On this scan, the method samples 5912 seed
points for the tibial cartilage of which 89 actually hit the tibial cartilage sheet
(for the femoral cartilage sheet: 5913 and 137). A total of 9957 voxels out of
2 million are classified in order to find the 4316 tibial cartilage voxels (20826
are visited for the 11230 femoral cartilage voxels). In total, the Sample-Expand
method thereby only performs 1% of the single voxel classifications performed
by the original voxel classification segmentation method.

Algorithm 1 Sample-Expand Voxel Classification

Input : The original scan volume and a function that allows classification of a single
voxel into background or an object label.
Output : A volume identical to the scan in size, with each voxel labelled as Not Visited,
Background, or an object label Li (where L1. . . Ln correspond to the n objects in the
scan).

1. Initialization:
(a) Initialize empty voxel queue V Q.
(b) Allocate label volume LV (size equal to scan volume) and initialize all voxels

to Not Visited.
2. Sample seed voxels:

(a) Give the center voxel probability 5% and the corner voxels probability 0%.
The remaining voxels get a probability between depending on the distance
from the center voxel.

(b) Sample seed voxels such that each voxel is chosen with the probability given
above. Enqueue all seed voxels into V Q.

3. While voxel queue V Q not empty:
(a) Dequeue voxel V from V Q.
(b) Classify the voxel into Background or an object label L using the single-voxel

classifier.
(c) If the voxel is Background : mark LV (V ) as Background
(d) If the voxel is object: mark LV (V ) as L and enqueue all neighbors of V into

V Q.

Scan Dimension: The algorithm is general for any scan dimension. The neighborhood
list must simply be adapted. We use the term voxel here since the cartilage MR scans
are 3D.
Neighborhood : The neighboring voxels in step 3d above can be chosen as either only
direct neighbors or also diagonal neighbors (in 3D, 6 or 26 neighbors). This affects the
connectivity of the resulting segmentation for special cases.
Sampling Strategy : For cartilage, we sample more densily at the center of the scan. For
other structures, uniform sampling could be more appropriate.
Queue: The queue can either by a traditional queue (first in, first out) or a stack (last
in, first out). This is of no importance and simply corresponds to whether the voxels
are searched used a breadth-first or depth-first traversal. We use a stack.
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Fig. 2. The Sample-Expand voxel classification algorithm is illustrated on the scan from
figure 1. The voxels visited and classified during classification of the tibial cartilage are
shown as green for cartilage and red for background (left) and next the same for the
classification of the femoral cartilage (middle). The stray red voxels are seed voxels.
The lumps of red voxels are areas that looked tibial/femoral but was later overruled by
the other sheet. Most voxels are never visited by the classification method. Finally, a
3D illustration of the resulting tibial and femoral cartilage segmentation (right).

5 Evaluation

We evaluate the segmentation method on the 114 scans and the 31 additional
rescans from the evaluation set described in section 2.

First, we evaluate the correctness of the efficient Sample-Expand voxel classi-
ficiation algorithm. For all 114+31 evaluation scans, the segmentations resulting
from the original and the new efficient method are identical.

Secondly, we evaluate the computational efficiency. For each scan, there are
the three computational steps listed in section 4. As mentioned above, we could
ignore the initialization of the KNN classifier since it only has to be done once —
however, we have chosen to include it in the timing. We timed the computation
time for each step for each of the 114 scans for both the original method and
our new improved method based on the Sample-Expand classification algorithm
on a standard desktop 2.8 Ghz PC. The mean times in seconds are listed below
with the mean count of voxels being visited during the voxel classification stage
by the methods:

Original Method Sample-Expand
Initialization of KNN classifier 44 s 44 s
Feature extraction 506 s 506 s
Voxel classification 3605 s 68 s
Voxels classified 100 % 0.8 %

Finally, we evaluate the volume quantification from the segmentations for
reproducibility using the 31 scan-rescan pairs. Furthermore, we evaluate the
ability to capture progression in OA by testing whether the healthy subjects
have a larger cartilage volume than the OA subjects according to a t-test. The
evaluation results for the medial tibial compartment are in figure 3. We focus on
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the medial tibial compartment since tibial and femoral measurements are highly
correlated and the tibial are more reproducible [21].

The evaluation shows that our volume quantification is quite reproducible
(10% mean difference between the scan-rescan pairs) and that it is able to sepa-
rate healthy from OA (statistically significant, p = 0.001). There is also a clear
progression of cartilage loss with OA progression from Kellgren & Lawrence
index 0 to 3.
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Fig. 3. The reproducibility of the automatic tibial cartilage volume quantification me-
thod is evaluated on the 31 scan-rescan pairs (left). The OA subjects have less carti-
lage on average, 1778mm

3 compared to 2031mm
3 for healthy (statistically significant,

p = 0.001) (right, left of dotted line). The mean volume goes down to 1598mm
3 for

the KL 3 group (right, right of dotted line). The cartilage volume is normalized by the
width of the tibial plateau.

6 Conclusion

We present a novel algorithm for voxel classification based on sparse sampling
followed by classification of voxels in regions with non-background only. The
algorithm allows a segmentation speed-up from 70 to 10 minutes when used
for segmentation of articular tibial and femoral cartilage from knee MRI —
producing segmentations identical to the result of the original method.

For the classification step alone, the speed up is a factor of more than 50. This
is due to the fact that only 0.8% of the voxels are actually classified. Thereby
the algorithm overhead needed for bookkeeping of the voxel queue and the map
of visited voxels is not problematic.

We evaluate the method for quantification of progression of osteoarthritis.
The segmentation method, in which the sparse voxel classification method is
incorporated, is able to separate healthy from OA subjects (p = 0.001) and
has a fairly high reproducibility (the precision is 10% compared to 11% for the
expert, manual segmentations). Thereby, the method looks very promising for
use in clinical studies.
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Future methodological work will include further optimization by only com-
putating the features at the voxels that are actually classified. Future clinical
work will involve evaluation of the method in longitudinal studies.
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[14] Burgkart, Glaser, Hyhlik-Dürr, Englmeier, Reiser, Eckstein: Magnetic resonance imaging-based
assessment of cartilage loss in severe osteoarthritis. Arthritis & Rheumatism 44 (2001)

[15] Barbu-McInnis, M., Tamez-Pena, J.G., Totterman, S.: Focal cartilage defect progression de-
tection: Measuremnt of precision and variation in natural characteristics of cartilage thickness
maps derived from 3d mri data. In: IEEE Int Conf on Image Processing. (2004)

[16] Li, K., Millington, S., Wu, X., Chen, D.Z., Sonka, M.: Simultaneous segmentation of multiple
closed surfaces using optimal graph searching. In: Information Processing in Medical Imaging:
19th International Conference. Volume 3565 of LNCS., Springer (2005)

[17] Millington, S., Li, K., Wu, X., Hurwitz, S., Sonka, M.: Automated simultaneous 3d segmenta-
tion of multiple cartilage surfaces using optimal graph searching on mri images. Osteoarthritis
and Cartilage 13, supplement A (2005)

[18] Kellgren, J., Lawrence, J.: Radiological assessment of osteo-arthrosis. Ann Rheum Dis 16

(1957)
[19] Dunn, T., Lu, Y., Jin, H., Ries, M., Majumdar, S.: T2 relaxation time of cartilage at mr

imaging: comparison with severity of knee osteoarthritis. Radiology 232 (2004)
[20] Arya, S., Mount, D., Netanyahu, N., Silverman, R., Wu, A.: An optimal algorithm for approxi-

mate nearest neighbor searching in fixed dimensions. In: ACM-SIAM. Discrete Algorithms.
Number 5 (1994)

[21] Cicuttini, Wluka, Wang, Stuckey: Longitudinal study of changes in tibial and femoral cartilage
in knee osteoarthritis. Arthritis & Rheumatism 50 (2004)

Dam, Majumdar & Buckland-Wright (editors): Proceedings of the MICCAI Joint Disease Workshop 2006

95



3D Shape Analysis of the Supraspinatus Muscle

Aaron D. Ward1, Ghassan Hamarneh1, Reem Ashry2, and Mark E. Schweitzer2

1 Medical Image Analysis Lab, Simon Fraser University, Burnaby, BC, V5A 1S6,
Canada

{award, hamarneh}@cs.sfu.ca, http://mial.fas.sfu.ca/
2 Department of Radiology and Orthopedic Surgery, NYU School of Medicine,

Hospital for Joint Diseases, New York, NY, 10016, U.S.A.
reem.ashry@gmail.com, mark.schweitzer@nyumc.org

Abstract. Pathology of the supraspinatus muscle can involve tearing,
which often leads to atrophy and/or retraction of the muscle. Retraction
can be corrected through a pull forward operation in surgery, whereas at-
rophy is generally not correctable. It is therefore important to distinguish
between retraction and atrophy. However, since both of these conditions
are characterized by a reduction in size, we put forth a pilot study exam-
ining changes in 3D shape as they relate to pathological conditions. After
segmenting the supraspinatus muscle surface from MRIs representing 57
patients, we compute several different 3D shape measures of the surfaces,
and conclude that there are statistically significant differences in shape
and size between pathology groups.

1 Introduction

The supraspinatus muscle is one of several muscles making up the rotator cuff
in the shoulder (figure 1). Disorders of the supraspinatus muscle may involve
tearing, which can lead to muscle retraction, atrophy, or both [1]. It is important
to be able to distinguish between retraction and atrophy because retraction is
a condition that is repairable by pulling the muscle forward in surgery, whereas
atrophy is not a condition correctable by surgery. Since both of these conditions
result in a reduction of the apparent size of the muscle, 3D shape analysis of the
muscle is useful in order to discover shape characterizations that may assist the
physician in distinguishing between these groups. Although shoulder arthroscopy
is considered the gold standard for the evaluation of the rotator cuff, MR has an
exceptionally high accuracy which has been accepted as a standard of reference
for several prior papers (e.g. [2–5]).

In this study, we extract the 3D surfaces of the supraspinatus muscle from
MRIs of a set of patients. Each patient’s data set is labeled according to pathol-
ogy, forming several groups of patients. For each group, we compute a set of
measurements of the 3D surfaces and report the differences observed between
the groups.

The remainder of this paper is organized as follows. In sections 2 and 3 we
discuss the specifics of the data sets used, and describe our methods for extract-
ing the 3D surface of the muscle and the computation of the shape characteristics
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Fig. 1. Diagram of shoulder anatomy indicating location of the supraspinatus. Adapted
from Grey’s Anatomy [6].

of the surfaces. In section 4 we give our results, and in section 5 we make some
concluding remarks and give some possible future avenues of research based on
this work.

2 Material

We acquired MR images of the shoulder from 57 patients at 1.5T. Patients were
consistently imaged in supine position, relaxed, and in minimal external rotation
in order to normalize for effects of pose and gravity on the shape of the muscle.

Dam, Majumdar & Buckland-Wright (editors): Proceedings of the MICCAI Joint Disease Workshop 2006

97



The in-plane (sagittal) resolution of the data was 0.3-0.6 mm and the out-of-
plane resolution was 3-5 mm. The patients were selected according to diagnoses
made by examining the MRIs of the shoulder. The group of patients with torn
supraspinati is composed of patients suffering different severities of disease, un-
der the assumption that some of these patients would have visible muscle shape
changes and some would not. The retraction group comprises patients with ob-
served relevant mechanical changes to the muscle, and the atrophy group had
relevant physiological changes. The control group was composed of patients with
unstable shoulders, because they represent a more relevant cross section of the
population than would normal subjects.

3 Methods
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Expert diagnosis
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Fig. 2. Overall process used in this study. Beginning with a set of 1.5T MRIs of the
shoulder, we segment the supraspinatus from each 3D image in a slice-by-slice manner.
This yields a set of points that are dense in the imaging plane, but sparse out of the
imaging plane due to large intra-slice spacing (figure 3(a)). We then interpolate these
points to form a dense set of points forming a 3D surface of the supraspinatus using
the Interpolation Module of the segmentation editor in the Amira software (Mercury
Computer Systems, Inc) (figure 3(b)). Next, we divide the cases into groups according
to expert diagnosis of pathology. We then compute an aggregate (mean) of several 3D
shape measures for each group. Finally, we compute and report on differences between
the groups.
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The overall processing performed on these images is given in figure 2. Expert
manual segmentation of the supraspinatus muscle was performed on the sagittal
MR images in a slice-by-slice manner. The segmentation tool employed allowed
the expert to select control points lying on the surface of the supraspinatus on
each slice, and fit a parametric cubic spline curve to these points to guarantee
smoothness. The tool performed the spline fitting interactively so that the ex-
pert could manipulate the control points until the curve accurately followed the
contour of the muscle. It has been shown that intra- and inter-observer variation
in supraspinatus contouring is less than 5% [7].

Due to the 3-5 mm inter-slice spacing in the data, the result of this slice-by-
slice segmentation is a set of points which are dense within the imaging planes but
sparse in the out-of-plane direction (figure 3(a)). 3D interpolation was therefore
performed in order to obtain a set of points lying on the object surface that is
dense along all axes using the Interpolation Module of the segmentation editor
in the Amira software (Mercury Computer Systems, Inc), based on implicit,
level-set based shape representation, similar to work by Turk and O’Brien [8]
(figure 3(b)).

(a) (b)

Fig. 3. Supraspinatus muscle surface extraction. (a) Contours resulting from expert
segmentation of the supraspinatus, rendered using physical space coordinates. Large
spaces between contours are due to the low out-of-plane resolution of the data. (Con-
tours appear non-parallel because of perspective projection.) (b) Result of 3D interpo-
lation of the contours in (a), yielding a dense set of points lying on the surface of the
supraspinatus, rendered as a surface.

Next, the condition of the supraspinatus of each patient was assessed by
an expert, and assigned to one of the following four groups: normal (N), full
thickness tear (T), tear and atrophy (TA), tear and atrophy and retraction
(TAR). These four groups represent those for which we wish to compute the
shape differences.

We computed 11 different 3D shape measures for each data set:
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– Ratios of eigenvalues (3 measures): We performed principal components
analysis (PCA) [9] against the points lying on the surface of each shape,
yielding three eigenvectors and corresponding eigenvalues. The eigenvalues
λ1, λ2, λ3 represent the variance of the supraspinatus surface points in the
direction of the eigenvectors (which describe the main directions of variation)
for each supraspinatus. They give an approximation to each supraspinatus
by an ellipsoid, where λ1, λ2, λ3 represent the lengths of the major axes of
such an ellipsoid. Computing the three values of the ratios λ1

λ2
, λ1

λ3
, and λ2

λ3
yields measures of elongation of the object. For a spherical object we expect
that λ1 ≈ λ2 ≈ λ3. For a cylindrical object we expect that λ1 >> λ2 ≈ λ3,
and for a disk-like object we expect that λ1 ≈ λ2 >> λ3.

– Mean and standard deviation of distances to centroid (2 measures):
Here, we compute the centroid of all of the supraspinatus surface points,
and compute the mean Euclidean distance from each surface point to this
centroid, as a measure of size. We also compute the standard deviation of
these distances as a measure of surface roughness/non-sphericity.

– 3D moment invariants (3 measures): We compute three 3D moments
that have been shown to be invariant to translation and rotation [10]. They
are computed as follows:

J1 = µ200 + µ020 + µ002

J2 = µ200µ020 + µ200µ002 + µ020µ002 − µ2
110 − µ2

101 − µ2
011

J3 = µ200µ020µ002 + 2µ110µ101µ011 − µ002µ
2
110 − µ020µ

2
101 − µ200µ

2
011

where mpqr is the 3D moment and µpqr is the 3D central moment as follows:

mpqr =
∑

x

∑
y

∑
z

xpyqzrp(x, y, z)

µpqr =
∑

x

∑
y

∑
z

(x− x̄)p(y − ȳ)q(z − z̄)rp(x, y, z)

x̄ = m100/m000

ȳ = m010/m000

z̄ = m001/m000

p(x, y, z) =
{

1 if (x, y, z) is a surface point.
0 otherwise.

– Surface area, volume, and their ratio (3 measures): We compute the
surface area and volume of each supraspinatus in physical units, and take
the ratio of surface area to volume.
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4 Results

Table 1 gives the mean values of the measurements taken for each group. To gain
some insight into how these values differ, we computed ratios of measurements of
abnormals to normals (table 2). For example, in the first row, we take the mean
of the measurements of all abnormal groups to get a single aggregate measure for
the abnormals, and take the ratio to the normals. We can see, for example, in the
first row of table 2 that the ratio of 0.4 for measurement J3 indicates that the
mean of the normals was 250% larger than the normals. In subsequent rows of
table 2 we give comparisons between specific pathology groups and the normals.
For each measurement type, we performed a one-way ANOVA to test the null
hypothesis that the means of the normal and pathological groups were the same.
The p-values resulting from these tests are given in table 4. Measurements with
p-values rejecting the null hypothesis (p < 0.05) are λ1

λ3 , mean of distances to
centroid, the 3D moment invariants, surface area, volume, and the ratio of surface
area to volume. From this it appears that characteristics distinguishing normal
cases from pathological cases are elongation, size, volume.

5 Conclusion

In this work, we presented a pilot study involving 57 cases of varying supraspina-
tus pathology: normal, tearing, retraction, atrophy, and allowable combinations
of these diagnoses. We computed 11 shape characteristics based on 3D points
from extracted surface muscles from MRI, and performed a statistical analysis
to determine whether or not the measurements of the groups were significantly
statistically different. The results indicate that there are significant differences
between the groups, and the measures giving the best performance suggest that
elongation, surface area and volume are good characterizations of shape for this
anatomy.

Future work in this area includes the use of these shape characterizations to
train and measure the performance of a classifier attempting to aid in diagnosis
of pathology based on the 3D shape of the supraspinatus. Such a classifier would
be of great use to a physician attempting to determine whether or not surgery
is required to pull the muscle forward (supraspinatus retraction) or if surgery
would be ineffective (supraspinatus atrophy). Another interesting area for future
study would be to assess the impact on shape analysis of positional difference
during imaging (e.g. the influence of internal and external rotation).
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Abstract 

 

 The objective of the present study is to create a dynamic 3D knee model which represents tibio-femoral joint surfaces, bones 
and ligaments by consideration of their geometric and material properties to simulate 0°-90° passive knee flexion. Tibial 
plateaus of the tibia and condyles of femur are modeled as ellipsoids as described in the literature. The contact forces between 
tibia and femur are defined as frictionless mathematical model. Anterior, posterior cruciate ligaments, medial, lateral 
collateral ligaments are represented as non linear elastic springs. Knee flexion with and without internal-external torque are 
simulated, and the results are compared with the literature for slopped and flattened medial tibial plateau models. As a result, 
normal internal rotation of tibia and adduction ranges are achieved for unloaded condition in flattened model, but the knee 
flexion with forced internal/external rotation are out of normal range for both models.  
 
Keywords: Knee, kinematics, anatomical dynamic modeling   
 

  
1. Introduction 

 
It is well known that the mathematical models play an 
important role for the understanding of complicated 
biological structures. The human knee has a complex 
anatomical structure and complicated three 
dimensional movements. Not only a faithful 
description of normal function, but also identification 
of and treatment of dysfunction presents many 
problems [23].  
 

The mechanical functions of the structures at 
the tibio-femoral joint include guiding the relative 
motion of the tibia and femur and transmitting load 
between these bones. Surgeons seek to preserve or 
restore both of these mechanical fuctions during joint 
reconstruction or replacement. During surgery, both 
the geometry of joint structures and their mechanical 
properties are often changed. How geometric changes 
to the joint structures affect the three dimensional 
movement of the knee has not been explained 
completely. It is not clear that which anatomical 
structures guide the knee in passive flexion and how 
their geometric arrangement produces the unique path 
of passive knee motion [22]. It has proved challenging 
to measure and then to depict knee joint motion [9]. 
The four bar theory based kinematical models 
developed by Zuppinger [1904], Menschik [1974] and 
Huson [1974]. In this type of model force action in the 
structures of the joint is not considered. 

Crowninshield [1976] studied on force action 
between structures but kinematic behavior of the knee 
is considerably simplified. Morrison represented the 
knee as a simple hinge joint [1]. In the model of 
Crowninshield [1976], the motions in the joint were 
based on experimental data in the literature. However 
the contribution of the curved joint surfaces to the 
mechanical behavior was ignored in these models 
[9,14, 25]. 

Andriacchi [1977] developed a model to 
analyze the movement and the force changes of the 
knee by employing finite element method. The 
ligaments, joint capsules modeled as nonlinear springs 
while the joint surfaces were modeled by a number of 
flat surfaces. The studies of the kinematic knee 
modeling continued until wide spreading of MRI 
scanning [9, 20].  

MRI screening provided a huge improvement 
on analyzing 3D knee kinematics. Freeman [2000] 
defined the natural knee movements by MRI scanning. 
As a result of this study, defining the natural 
movement of the knee play a very important role for 
understanding the effectiveness of prosthesis, 
rehabilitation and surgery on joint pathologies. 
Unfortunately simulation of passive knee movement 
by representing natural anatomic structures and their 
3D geometries has not been published yet. Even 
though tibial plateau was represented by flat [1, 11, 22] 
and uneven [9, 11, 12, 17] surfaces by different 
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studies, there is no study worked on superiority of 
uneven and flat surfaces. There has already been 
extensive work on the kinematics of tibio-femoral 
joint, but geometric representation of Freeman and 
Pinskerova (2005) was not studied which is the most 
detailed geometric shape representation of the femoral 
and tibial surface to analyze tibio-femoral flexion.     

The objective of our study is to create a 
dynamic 3D knee model which represents tibio-
femoral joint surfaces, bones and ligaments by 
consideration of their geometric and material 
properties to simulate 0°-90° passive knee flexion. 
 
 
 
 
2.Materials and Methods 

 

The model created as the characteristics; 1.80 cm tall, 
80 kilograms, 18 years old human’s volume rendered 
shell files, the locations of their center of mass, inertial 
moments of the right femur and right tibia are provided 
from BRG*. All the files are imported into MSC. 
ADAMS software [21, 24]. The foot segment was also 
imported to the ADAMS software except the shell file 
to decrease the load to the computer during simulation. 
 
 
2.1 Geometric and contact conditions 

 

Femoral condyles represented as spheres as defined by 
Freeman and Pinskerova [2005]. In this study, medial 
femoral condyle is represented as two ellipsoids; 
22mm for flexor facet radii, 32mm for extensor facet 
radii. Lateral femoral condyle ellipsoid is represented 
as two spheres 21mm for flexor facet radii, 32mm for 
extensor facet radii. According to the work medial 
femoral condyle divided in to 3 sections; Extensor 
Facets 49°, Flexor facets 110° and Posterior horn 
facets 24°. The lateral femoral condyle has 3 sections; 
Extensor Facets [EF] 32°, Flexor facets [FF] 114° and 
Posterior Horn Facets [PHF] 33°. Medial tibial plateau 
has 4 sections; Anterior Horn Facets [AHF] 9mm, 
Extensor facet [EF] 17mm, Flexor Facets [FF] 10mm, 
Posterior Horn Facet [PHF]15mm. Extensor facet 
slopes upwards and forwards by 11° relative to 
posterior, roughly horizontal surface. Lateral tibial 
plateau has 3 sections; Anterior Horn Facet 11mm, 
Tibial Articular Facet [TAF] 24mm, Posterior Horn 
Facet 11mm [9, 11] (Figure 1).  

In the present work femur is assumed to be 
fixed and tibia moves relative to the femur and gravity 
is assumed to be opposite direction in order to contact 

                                                
* LifeMOD Biomechanics Modeler database. 

continued between femur and tibia during flexion. The 
tibia is assumed to begin its motion from rest while the 
knee was fully extended.  

Friction forces are neglected because of the 
extremely low coefficient of friction of articular 
surfaces [1]. 

In the absence of joint axial compressive loads 
the effect of menisectomy on joint motion is minimal 
compared with that of cutting ligaments [18]. Since 
loading conditions are limited to those where the knee 
joint is not subjected to external axial compressive 
loads, the menisci thus not included in the present 
model [1]. 
     

 
  
 

Figure 1. Diagram of sagittal sections of medial [left] and lateral [right] 

tibio-femoral components. 
 
The contact force between tibia and femur is 
formalized as: 
 

Fn=k [g e]+step[g,0,0,dmax,cmax] dg/dt      [1] 
 
where k [46.58 N/mm] is the stiffness coefficient, g is 
penetration [mm], e [4] is a force exponent, dmax 
[1cm] is the penetration limit cmax is the maximum 
damping coefficient [97.19 N/mm/sec], dg/dt is the 
penetration velocity.  

Patton [1993] took the penetration length as 1 
cm for foot, but Blankevoort et al [6] revealed that the 
articulate thickness for the knee is 2 mm, so 50% of 
the cartilage thickness as penetration length is taken. 

The single component force is applied to flex 
the knee from the center of mass of the tibia as 
presented in Abdel-Rahman and Hefzy [1998] and 
Blankevoort et.al. [1, 5-7]. 
 

Fq = Ae[-4.75[t/to]2 sin[πt/to]          [2] 
 
where A and to are the amplitude and the pulse 
duration, respectively. Forcing pulses of this can be 
simulated experimentally. Forcing pulse duration is 
assumed as 140N and 0.1 respectively.    

A co-ordinate system for the normal knee 
based on posterior femoral circles has been proposed 
by McPherson et. al. [2004]. The origin is located at 
the center of the posterior spherical portion of the 

M L 
y 

z 
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medial femoral condyle so that the origin of the system 
approximately coincides with the center of rotation of 
the knee as defined in Freeman and Pinskerova [2005].  
  
2.2 Ligamentous forces 

 

The model includes 13 nonlinear spring 
elements which represent different ligamentous 
structures and capsular tissue posterior of the knee 
joint. Four of them stand for the respective anterior 
and posterior fiber bundles of anterior cruciate 
ligament [ACL] and the posterior cruciate ligament 
[PCL]; another four represent the deep,  oblique, 
anterior and posterior fiber bundles of the medial 
collateral ligament [MCL], one element represents the 
lateral collateral ligament [LCL], and four elements 
represent the medial, lateral, oblique fiber bundles of 
posterior part of the capsule [CAP]. The local co-
ordinates of the femoral and tibial insertion sites of the 
ligamentous structures are specified according to the 
data available in the literature [3, 5, 17].   

The Ligament assumed to be a line element 
extending from the femoral origin to tibial insertion, 
wrapping around the bone surfaces is not taken into 
account. 

In the present study the ligaments are 
determined according to the force length relationship 
as Wissman et al [1980]  

 
 
where ej is the strain in the jth element, K1j and K2j 
are the stiffness coefficients of the jth spring element 
for the parabolic and linear regions, respectively, and 
Lj and Loj are its current and slack lengths, 
respectively. The linear range threshold is specified as 
e1: 0.03 [1, 4, 15]. 

Values of the stiffness coefficients of the 
spring elements used to model the different 
ligamentous structures are taken from the data 
available in the literature [1]. The slack length of each 
spring element is obtained by assuming an extension 
ratio ej at full extension and using it to evaluate the 
spring element’s slack length, L0j, from its length at 
full extension which can be calculated from the 
coordinates of the attaching points. The values of the 
extension ratios are specified according to the data 
available in the literature [3,5].  It is verified that the 
selected extension ratios did not produce 
nonanatomical strains [i.e., strain levels that indicate 
ligamentous failure] over the whole range of motion.  
 

3. Results 

 

The comparison of internal and external 
rotation during passive knee flexion data are shown in 
Figure 2. The behavior of the graphics of flat surface 
simulation and natural rotation of tibia are different. 
Tibial rotation is lower then normal during knee 
flexion in Freeman and Pinskerova [2005] based 
simulation. Tibial internal rotation is around 2 - 4° 
between 10 - 40° of knee flexion and then tibia rotated 
externally between 40 - 65°.  Even though tibial 
rotation is trying to catch the normal rotation after 65° 
knee flexion, tibia has reached only 12° internal 
rotation which is below the normal according to 
Wilson et al. 2000. 

 
Figure 2. Comparison of int-ext rotation during knee flexion. Freeman and 
Pinskrova based simulation (left), and Knee rotaion from Wilson et. 
al.(right) 

 
In simulation based on Freeman and 

Pinskerova translations of tibial attachment of pACL is 
in range except the antero-posterior translation in first 
20° flexion. Tibia translated forward during the first 
20° where it is expected to translate to the backward 
(Figure 3).  

 
Figure 3, Comparison of simulation with 11° slope [left] and Wilson et 
al’s 2000. Freeman and Pinskrova based simulation (left), and Knee rotaion 
from Wilson et. al.(right) 
 

11° slope of tibial external facet is removed 
and the surface of the external facet and the posterior 
part of the tibia provided to be on the same level. So 
that magnitude of tibial internal rotation increased 
(Figure 4). 

The internal rotation and adduction during the 
knee flexion is in range of normal knee which revealed 
in Wilson et al 24. 
The translation of tibial insertion point of pACL 
relative to femur during knee flexion is in the range of 
normal translation described in Wilson et al’s work 

Int/Ext 

a/a 
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(Figure 5). The backward translation of pACL 
attachment reduced.  
 

 
Figure 4. Natural internal rotation during knee flexion after 11° slope is 
removed 

 
The translation of tibial insertion point of 

pACL relative to femur during knee flexion is in the 
range of normal translation described in Wilson et al’s 
work (Figure 5). The backward translation of pACL 
attachment reduced.  
 

                                      
Figure5.The translation of pACL during knee flexion. Freeman and 
Pinskrova based simulation (left), and Knee rotaion from Wilson et. 
al.(right) 

 
Position of medial and lateral condyle contact 

point is simulated as in Pinskerova 2000. Medial 
femoral EF to FF rock occurred at 36° which is late 
accrding to the literature. Femoral FF is in contact with 
tibial FF from 36° to 90° knee flexion. Lateral Femoral 
EF to FF rock occurred around 5° and femoral FF is in 
contact with the tibia from 5 to 90° knee flexion in 
slopped model.  

EF to FF rock is occurred at 
10° flexion in flattened tibial 
surface. After 10° FF contact lasts 
till 90° as in the literature [11]. EF to 
FF rock occurred at 30° flexion and 
FF contact with femoral FF till 120° 
flexion as revealed in Pinskerova et 
al work 2000 for the flattened 
medial tibial surface. 

To analyze the behavior of 
the knee under loading conditions, 
3Nm internal and external force 
applied from the location of tibial center of mass as 
described in Blankevoort et al [4-7]. The results for the 
model with and without 11° slope is compared with 
the literature results (Figure 6) [4,5]. 

Tibial internal rotation is increased linearly 
and reached 60° tibial rotation at 90° knee flexion 
which is above the normal range, external rotation with 
3Nm external torque is in normal range for the Iwaki 
and Pinskerova based 
simulation [11].  

Even though tibial 
internal rotation with 3Nm 
torque is in normal range, 
tibial external rotation is lower 
then normal after 35° of 
flexion for external rotation 
torque in simulation without 
11° tibial slope.  
 

 

 
Figure 6; Comparison of 3Nm loading torque with blankevoort et al 
Freeman and Pinskrova based simulation (left), and Knee rotaion from 
Blankevoort et. al.[1991](right) 

 
Knee varus / valgus rotation during the 

application of 3 Nm internal/external rotational torque 
is also studied. The results are compared with 
Blankevort et al [6] (Figure 6). 
 According to the results, valgus occurs with 
internal load and varus occurs with external load till 
75° knee flexion for 11° tibial slope. Valgus rotation is 
observed After 75° flexion for sloped model.  

Valgus rotation is seen for both internal and 
external load after 30° flexion for flattened medial 
tibial surface model. Before the 30° flexion valgus 
rotation has occurred by applying internal rotation 
torque(Figure 7). 

 

 
 

 

a/a
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p/d 
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                           (a)               (b)
   
Figure 7. Comparison of internal and external 3Nm loading torque on a) 
valgus / varus rotation with and without 11o  tibial slope, b) Blankevoort et. 
al. (right). 

 
 
4. Discussion 

 

A review of the literature reveals that there is 
no published anatomical dynamic  knee model based 
on Freeman et al works [4] which describes the 
anatomy of the articular surfaces and their  movement 
in the normal tibio-femoral joint by some combination 
of MRI, CT, RSA or fluoroscopy. During building 
anatomical dynamic knee model, natural tibial rotation 
is achieved by removing 11° tibial slope. The aim of 
the study is to observe the effect of 11° tibial slope to 
the tibio-femoral movement and to build the most 
carefully sectioned tibio-femoral dynamic knee model 
by guidance of Freeman et al 2005.  

Tibial internal rotation during knee flexion is 
lower then the normal with 11° slope. The slope on the 
medial tibial surface decreases the rotation by blocking 
tibial internal rotation and allowing external rotation in 
0 - 40° knee flexion. 11° slope tackles the medial 
flexor facet and pushes the tibia into its external 
rotation between 40 - 65°. Contact point moves to the 
posterior tibial surface and faster internal rotation is 
occurred after 65° knee flexion.  

For the flat surface tibia demonstrated natural 
internal rotation. Abduction and abduction rotation 
with and without 11° medial tibial slope are in the 
allowed limits (Figure 2, 4). 
  Translations of most posterior location of 
anterior cruciate ligament is followed. Antero-
posterior translation is in normal range except first 20° 
part of knee flexion in original model. Tibia moves 
forward instead of backward in the slopped model in 
20° knee flexion. The backward movement might be 

resource from hitting the femoral EF to the tibial slope 
and produces a contra force to lead forward motion. It 
may be a cause of damping coefficient of contact 
formulation which make tibia jump on femoral EF. 
Smoother forward movement occurs due to the 
absence of the slope, in flat tibial surface. 

Position of each part of the lateral and medial 
plateau relative to femur during knee flexion is 
specially revealed in Pinskerova et al 2000. According 
to the literature the medial components; between 0 - 
10°: Femoral EF contacts with tibial EF, from 10 - 
30°: EF should be rock to FF, from 30 - 120°: Femoral 
FF should in contact with tibial FF.  

EF to FF femoral rock occurs at 36° in 
simulation with sloped model which was late relative 
to the normal but EF to FF rock accurs at 30° knee 
flexion in flatten tibial model. After that, the rock 
contact match with literature [11, 17].   

For the lateral compartment; between 0 - 10°: 
EF, or FF in absence of EF, should be in contact which 
means EF to FF rock needs to be between the related 
range [5].  Femoral EF to FF rock is occurred at 5°, 
10° knee flexion in both slopped and in flattened 
model respectively which are within the allowed 
limits. between 10 to 90°: FF is in contact with the 
tibia, over 90°: tibial contact shared with PHF [17]. FF 
is in contact with tibial FF after the 10° as literature for 
both models. 

To analyze loading conditions on both model, 
3Nm rotational torque was applied [4, 5]. Higher and a 
linear manner tibial internal rotation is seen with 
internal load and lower external rotation observed for 
external load in slopped model. The reason of 
increased internal rotation might be tight PCL. 
Changing force during knee flexion for aPCL was 
demonstrated in Figure 8.  

Tibial internal rotation is in range during 
internal load in flattened tibial model. However the 
external rotation was decreased in flattened model.  

 
 
Figure 8. Comparison of knee flexion and aPCL force relationship for 
slopped (left) and flattened (right) models. 

 
 aPCL force increases while during external tibial 
rotation which conflicts with Moglo et. al. for both 
models [15]. Generally, the strain of the ligaments 
quite high then in the  literature [1] for the present 
simulations. The difference of internal-external 
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rotation between the model and the literature needs to 
be minimized by variations of the reference strains of 
the ligaments as revealed in Blankevoort et al. 1991. 

The coefficients of the ligaments are obtained 
directly from the Abdel-Rahman and Hefzy 1998, but 
the co-ordinates of the ligament attachments taken 
from Crowninshield et al 1976. In Crowninshield et al 
1976 medial collateral ligament is represented as four 
fibers which are anterior, posterior, deep and oblique 
although Abdel-Rahman and Hefzy 1998 MCL 
represented as three fibers, posterior fiber is missing. 

 In our study anterior fiber coefficients is used 
for posterior and anterior fibers to compensate the 
absence of posterior fiber. Arcuate popliteal ligament 
of posterior capsule which represented in Abdel-
Rahman and Hefzy 1998 is not included because of 
absence of location co-ordinates in Crowninshield et al 
1976. The reason of obtaining coordinates of ligament 
attachments from Crowninshield et al 1976 is the 
origin co-ordinates are not defined clearly in Abdel-
Rahman and Hefzy 1998.  

Valgus rotation occurs by applying external 
rotational torque, varus by internal rotational torque 
for normal knee [4, 5]. Valgus rotation and first 75° 
varus rotation occurred by ±3Nm rotational torque are 
in normal range for slopped model. The reason of 
valgus rotation after 75° knee flexion is the sliding of 
medial tibial plateau backward and loosens contact 
with flexor facet.   

Valgus rotation is seen with internal rotation 
torque as normal although varus rotation is only seen 
in 30° flexion in flattened tibial model. Valgus rotation 
is observed by external rotation load after 30°. The 
reason of valgus rotation might be resource from 
excessive ligament strain or anatomical inefficiencies.  

The coronal and transverse plane 
representation is not clear as sagittal plane in Freeman, 
Pinskerova and Iwaki [9,11,17].  The radii of the 
spheres for representing tibio-femoral articular surface 
are also used for coronal plane radii. The radius 
differences might perform the unnatural valgus 
rotation by application of external load. 

The one of the limitations of the present study 
is neglecting friction force because of the extremely 
low coefficient of friction of the articular surface [1]. 
The MCL is also modeled as a straight line segment 
connecting the femoral and tibial attachments, while 
the natural MCL wraps around the tibial plateau [22]. 
Meniscus and joint capsules are not modeled because 
of their complex structures [2]. Some loads (around 
4kg which is weight of shank and foot) are still applied 
to the knee as it was flexed due to provide continued 
contact between tibia and femur by assuming the 
gravity as upward direction. 

The results show that tibial internal rotation 
during flexion is within the normal limits for the model 
without 11° anterior tibial slope. Posterior translation 
of tibial attachment of pACL and sliding and rolling 
motion of the tibia over femur is near normal range in 
flattened tibial plateau model. Both models have 
showed different behaviors in loading conditions. 
Flattened tibial plateau model is simulated the knee 
motion within the normal range for unloaded 
condition.  

The primary feature of the three-dimensional 
dynamic anatomical modeling of the knee is variation 
of ligament strain to achieve reasonable loading 
behavior for the knee as revealed in Blankevoort et al. 
(1991). Modeling of the meniscus, friction, defined in 
detail contact should be well studied.  
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