
IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 57, NO. 11, NOVEMBER 2010 2699

Automatic Human Knee Cartilage Segmentation
From 3-D Magnetic Resonance Images

Pierre Dodin, Jean-Pierre Pelletier, Johanne Martel-Pelletier*, and François Abram

Abstract—This study aimed at developing a new automatic seg-
mentation algorithm for human knee cartilage volume quantifica-
tion from MRI. Imaging was performed using a 3T scanner and
a knee coil, and the exam consisted of a double echo steady state
(DESS) sequence, which contrasts cartilage and soft tissues includ-
ing the synovial fluid. The algorithm was developed on MRI 3-D
images in which the bone–cartilage interface for the femur and
tibia was segmented by an independent segmentation process, giv-
ing a parametric surface of the interface. First, the MR images
are resampled in the neighborhood of the bone surface. Second, by
using texture-analysis techniques optimized by filtering, the car-
tilage is discriminated as a bright and homogeneous tissue. This
process of excluding soft tissues enables the detection of the ex-
ternal boundary of the cartilage. Third, a technology based on a
Bayesian decision criterion enables the automatic separation of
the cartilage and synovial fluid. Finally, the cartilage volume and
changes in volume for an individual between visits was assessed
using the developed technology. Validation included first, for nine
knee osteoarthritis patients, a comparison of the cartilage volume
and changes over time between the developed automatic system
and a validated semi-automatic cartilage volume system, and sec-
ond, for five knee osteoarthritis patients, a test–retest procedure.
Data revealed excellent Pearson correlations and Dice similarity
coefficients (DSC) for the global knee (r = 0.96, p < 0.0001, and
median DSC = 0.84), for the femur (r = 0.95, p < 0.0001, and
median DSC = 0.85), and the tibia (r = 0.83, p < 0.0001, and
median DSC = 0.84). Very good similarity between the automatic
and semi-automatic methods in regard to cartilage loss was also
found for the global knee (r = 0.76 and p = 0.016) as well as for
the femur (r = 0.79 and p = 0.011). The test–retest revealed an
excellent measurement error of −0.3 ± 1.6% for the global knee
and 0.14 ± 1.7% for the femur. In conclusion, the newly devel-
oped fully automatic method described herein provides accurate
and precise quantification of knee cartilage volume and will be a
valuable tool for clinical follow-up studies.

Index Terms—Cartilage volume, image resampling, magnetic
resonance imaging (MRI), texture analysis, surface parameteriza-
tion, three-dimensional segmentation.

I. INTRODUCTION

O STEOARTHRITIS is a common cause of disability in
people aged over 60 years [1]. Knee osteoarthritis is a
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prevalent disease characterized by cartilage degradation. Al-
though this disease is often considered benign, severe degener-
ative changes may cause serious disability. Several pharmaco-
logic drugs aimed at retarding or inhibiting the progression of
joint tissue structural changes are under development to treat
osteoarthritis. In this context, quantitative cartilage damage as-
sessment is of significant importance for monitoring the pro-
gression of this disease and for evaluating therapeutic response.

The current gold standard for measuring cartilage thickness
remains the radiographic method [2], [3], which allows the mea-
surement of the joint space width (JSW). However, this tech-
nique has several significant limitations in that it allows the
assessment of cartilage loss only on the focal weight bearing
area of the joint and demonstrates weak sensitivity to change.
Another technique, MRI, allows precise visualization of joint
structures, including the cartilage and its pathological changes.
In recent years, there have been a series of advances in the
use of optimized MRI acquisition sequences to assess cartilage
volume and thickness in patients with knee osteoarthritis [4].
Recently, a semi-automatic system was developed and used for
the quantitative assessment of knee cartilage volume in observa-
tional, longitudinal, and clinical studies [5]–[16]. The accuracy
and reliability of such a 3-D computer method was validated
in a realistic measurement context [17]. However, a fully auto-
matic system using MRI that prevents the intra- and interreader
variations will enable more stable measurements.

Folkesson et al. [18] and Grau et al. [19] proposed methods to
automatically segment the knee cartilage as a single object using
a two step multiclass classification scheme and a controlled wa-
tershed approach, respectively. However, such procedures are
problematic if one wants to study the cartilage changes over
time. These methods do not employ a registration reference that
is stable over time, e.g., a bone surface, limiting evaluation to
cartilage volume for each single visit, thus precluding evalu-
ation of cartilage volume change over time. Moreover, these
methods do not address the separation of the global cartilage
into individual bone cartilage, i.e., femoral, tibial, and patellar
cartilage. Recently, Fripp et al. [20] also described an auto-
matic cartilage segmentation system based on the deformation
of a statistic shape using the active shape modeling (ASM)
method with a priori knowledge of the articular domain. This
model based segmentation was validated only on healthy vol-
unteers, and as pointed out by the authors, “diseased knees
are more difficult to segment as osteophytes, lesions, and in-
tensity inhomogeneities and cracks are often found.” Recently,
a non-model-based method was proposed by Li et al. [21].
They introduced a semi-automatic cartilage segmentation pro-
cedure in which the bone was first segmented from a set of
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seed spheres, then the cartilage using a graph-based method.
This method is, however, mainly validated for thickness mea-
surements in closed object segmentation, for example, ankle
cartilage, as reported in their study. In addition, the aforemen-
tioned methods [18]–[21] did not include the final separation
of the cartilage from synovial fluid, which impairs the accurate
delineation of cartilage. Finally, there was no comparison of the
cartilage evolution over time with another validated segmen-
tation method, nor test–retest precision evaluation. This work
thus aims at developing a new technological fully automatic
segmentation algorithm for human osteoarthritic knee cartilage
volume quantification from MR images, taking into account the
aforementioned problems.

II. METHODS

For this study, the bone–cartilage interface for the femur, tibia,
and patella is obtained by an independent segmentation process.
Such bone segmentation of the 3-D MR images of the knee
was previously described using automatic [22], [23] and semi-
automatic [24] procedures; however, in this study, we used a
recently developed automatic bone segmentation system, which
consists of surface selection by a ray-casting method [25] and
provides parameterized surfaces in cylindrical pattern. Briefly,
the ray-casting algorithm searches surface samples by intersect-
ing gradient images with rays launched from an initial position
inside the region of interest. Using these surfaces as domains of
potential presence of cartilage, named articular domains, the car-
tilage objects are located by selecting voxels with homogeneous
texture characteristics near the surface. Indeed, if we define sur-
face normal as the vectors perpendicular to surface’s tangent
vectors, the external boundary of the cartilage can be delineated
by a texture analysis of each voxel along surface normal in a
certain neighborhood. It is a matter of deciding whether voxels
belong to the cartilage class or to another class. In contrast to
another model approach [20], the absence of a prior model in our
case allows the delineation of unpredictable cartilage morphol-
ogy that typically occurs in osteoarthritis patients. To allow such
processing based on texture analysis, the MR image is resampled
in the neighborhood of the bone parametric surface for a consis-
tent analysis of the structured tissue, i.e., the cartilage. The bone
surface, called reference surface, will then provide a new 3-D co-
ordinate system, in which the 2-D parametric coordinates of the
surface correspond to the two first dimensions and the distance
normal to the surface, “height,” will be the third dimension.
More precisely, this procedure computes an image of normal,
with a discrete number of parallel layers, each layer being at a
certain distance, height, from the reference surface. In this im-
age, the cartilage consists of an object organized along parallel
layers appropriate to a 2-D texture analysis in each of these lay-
ers. The spatial gray level dependence (SGLD) operators [26]
are the most relevant operators for extracting the texture prop-
erties on each layer. The cartilage is thus represented as a bright
and homogeneous tissue, contrasting other bright but inhomoge-
neous surrounding tissues and the homogeneous but dark bone.

At present, the MR sequences the most commonly used for
cartilage volume assessment on 1.5T apparatus [27], [28] are

gradient echo sequences, such as spoiled gradient recall (SPGR;
GE, Milwaukee, WI), fast imaging at steady-state precession
(FISP; Siemens, Erlangen Germany), or fast–low angle shot
(FLASH). These sequences provide similar images, focusing
on the contrast between cartilage and other articular tissues. In
a large proportion of the images, a similar signal is provided for
the cartilage and the synovial fluid and the procedure may select
synovial fluid voxels in the cartilage object. The main challenge
in cartilage segmentation is to separate cartilage from synovial
fluid. Recently, the double echo steady state (DESS; Siemens)
sequence was used on 3T apparatus for cartilage volume as-
sessment, as it enhances the contrast between the cartilage and
synovial fluid [29], [30]. For this study, the MR images were
scanned on 3T apparatus using the DESS sequence. Our data
showed that the cartilage can be automatically separated from
the synovial fluid by using a Bayesian decision threshold in
the intensity histogram of the mixed object. Based on the ob-
servation that cartilage belongs to the bright and homogeneous
tissues and that synovial fluid belongs to the extra bright and
homogeneous tissues, we were able to design a 1-D decision
criterion to find a threshold.

We further describe a procedure that allows the automatic
computation of the cartilage volume change for an individual
with two or more MRI exams. In order to ensure a near per-
fect alignment of the maps in follow-up evaluation, we used
a previously described registration procedure [31]. In addition,
validation experiments were performed in which the cartilage
volume of nine osteoarthritic knee patients at baseline and 12
months evaluated with the developed automatic system was
contrasted with the results obtained using the validated semi-
automatic method Cartiscope [17]. A test–retest analysis was
also performed on five osteoarthritic knee patients.

Because the cartilage is a structured tissue, which covers sur-
faces of various geometries, i.e., femur, tibia, and patella, we
estimated that its detection would be more accurate in images
resampled along the supporting surface using texture analysis.
Thus, Section III describes the geometric design of the images
of normals resampled in the proximity of the parameterized
bone surface, as well as the texture analysis. Section IV details
the interpretation of the texture analysis in order to select the
cartilage voxels. Section V describes the separation of carti-
lage and synovial fluid in the images using the DESS sequence,
which enhances the cartilage to fluid contrast. Section VI ex-
plains a structural-filtering process, which enhances the filter-
ing of misclassified voxels. Section VII explains the method
for computing cartilage volume changes over time based on the
analysis of two images of the same patient taken 12 months
apart. Section VIII describes the validation experiments and the
correlations obtained for the whole knee cartilage as well as for
knee subregions, and Section IX concludes the paper.

III. IMAGES OF NORMALS

Let I be an MR image of the knee, where the cartilage must be
segmented. Image I is a 3-D image, i.e., it is a discrete function
of the Euclidian 3-D space, whose values are intensities such
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that

I(x, y, z) = l (x, y, z) ∈ Z3 . (1)

Given a known and segmented bone surface φ, either femur
and/or tibia in the same image I, the surface is described by two
parameters (u, v) as follows:

(x, y, z) = φ(u, v) (x, y, z) ∈ R3 . (2)

The bone surface φ, used as a reference surface, allows us to
define a volume of interest that contains the entirety of the car-
tilage. Indeed, a set of layers parallel to φ at a certain distance
h of φ along the surface normals can be defined. Moreover,
using the intrinsic parametric coordinate system of φ, the car-
tilage search will be performed in a parallelepiped domain of
interest consisting of parallel layers. This domain can inherit the
intensity properties of the original image I, thus creating a new
resampled 3-D image. But, before proceeding, we will explain
how the notion of voxel helps to transport I in R3 preserving the
same level of continuity of φ in the image I.

A. Definition of Voxel, Continuity of Image Signal

By nature, the information inside the 3-D MR image is digital,
thus the indices (x, y, z) are integers. Hence, a set C obtained
with the implicit equation using an intensity level l

V = {(x, y, z)/I(x, y, z) = l} (3)

is of course discrete. This is not compatible with the R3 Eu-
clidean geometry used in Section II. The compatibility is ob-
tained using voxels. We will name voxels a collection of unit
cubes in R3 , parallel to the coordinate axes and whose centers
are in Z3 . Hence, V can be embedded as Ṽ , a continuous sub-
set of R3 , whose centers are defined by C; for simplification
reasons, we will identify Ṽ and V .

B. Image of Normals J Obtained by Resampling of Image I

A resampling of the image I is performed along the reference
surface, since we need to extract the information of intensity
and contrast of this region of interest. Being a parametric 3-D
surface, the reference surface is described by two parameters
(u, v) as formulated by (2). A third dimension is necessary to
define a volume that will be immersed in the original image I. To
this end, the distance to the surface, h, height along the normal
vectors to the surface φ, of value zero on the surface itself,
was chosen. The normal vector to the surface can easily be
defined by a cross product (∧) of the tangent vectors along each
implicit parameter, i.e.,

−→
∂φ/∂u and

−→
∂φ/∂v. Both tangent vectors

along implicit parameters as well as the normal to the surface
are illustrated in Fig. 1. Thus, the extended map is defined as
follows:

Φ(u, v, h) = φ(u, v) + h

−→
∂φ

∂u
∧
−−→
∂φ

∂v.
(4)

The extended map Φ(u, v, h) links voxels expressed in the
(u, v, h) parametric system and the voxels in the (x, y, z) 3-D
initial coordinate system. Now, using the function Φ, a new

Fig. 1. Parameterized surface, the two tangent vectors
−→
∂φ/∂u and

−→
∂φ/∂v

and the normal vector
−→
∂φ/∂u ∧ −→

∂φ/∂v.

Fig. 2. Original signal resampled along the normals of a femur bone surface.
Illustration of one slice of J (u, v, h) for a given u.

volume J(u, v, h) can be computed as follows:

J(u, v, h) = I ◦ Φ(u, v, h). (5)

Thus, the original image I(x, y, z) is locally transformed in
a resampled image J(u, v, h) using the predefined parametric
coordinate system. Fig. 2 shows a slice of the 3-D image J for
a given u.

C. K, the Contrast Matrix of J

In order to obtain the texture characteristics for each voxel,
the “layer-by-layer” 2-D analysis of the volume of interest can
be performed, analyzing each layer separately. This allows the
dimension of the analysis to be reduced. Using the SGLD tech-
nique detailed in Appendix I, a global contrast value can be
obtained for a layer of the image of normals J at a given height
h. However, the analysis can be improved by performing a local
assessment of the contrast by using neighborhoods of (u, v),
which when applied to each voxel at height h, allows a matrix
of contrast of the same size as the layer. The calculus leads to a
contrast matrix of the entire image of normals, named K(u, v, h)
defined in (29), Appendix II.

Example: From image of normals J (see Fig. 2) of a femur
bone surface, the analysis of intensity provides the bright-tissue
mask, as illustrated in Fig. 3. The texture analysis of J restricted
to the masked volume produces the matrix of contrast K shown
in Fig. 4.

IV. CARTILAGE SEGMENTATION BASED ON BRIGHT AND

HOMOGENEOUS TISSUES

To select cartilage voxels in an MR image, we must be able
to separate them from voxels of other tissues based on the sig-
nal characteristics of the volume of interest. Using the intensity
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Fig. 3. Selection of the bright tissues from the original image, shown as white
in the figure, corresponds to the high-intensity voxels. Note that the black pixels
of this image are excluded from further contrast analysis.

Fig. 4. Contrast information is computed on the bright tissues selected pre-
viously (see Fig. 3). Slice of contrast matrix K (u, v, h) for a given u. In this
image, white reveals bright tissues with high homogeneity, light gray, bright
tissues with regular homogeneity, and dark gray inhomogeneous tissues.

does not provide enough information to accurately distinguish
cartilage voxels. However, the contrast provides pertinent infor-
mation for the voxel selection. In this section, we explain how
bright and homogeneous tissues allow the discrimination of the
cartilage from other tissues. This is why we will consider this
class of tissue to provide the first estimate for the segmentation
of the cartilage. We will see later that other tissues are included
in this class, thus requiring a second discrimination analysis.

A. Observations on Bright and Homogeneous Tissues

We were first interested in the bright and homogeneous tissues
when studying direct thresholding of the MR images. Intensity
analysis of a single slice of a sagittal knee MR image scanned
with fat suppression always gives two contrasted classes of gray
levels: bright and dark tissue intensities. Bright intensities cor-
respond to cartilage and surrounding soft tissues, while dark
intensities correspond to bone and other tissues of noninterest.
Threshold modification impacts the image structure in such a
way that soft tissues disappear discontinuously, while cartilage
disappears by wide zones. A closer analysis reveals that, in the
darker components of the soft tissues, there are probably drier
parts that make them inhomogeneous. By giving a variational
meaning to this inhomogeneity, one can predict that a small
spatial displacement will result in a change in the gray level.
This change could be detected with texture-analysis methods,
i.e., spatial gradient of the intensity analysis. This measurement
demonstrated higher gradient values for the soft tissues than
for the cartilage, which led us to investigate the bone–cartilage
interface contrast using the texture analysis.

The 2-D analysis of the texture in the layers of the image of
normals is logical as the texture will be evaluated in parallel to
the interface that we want to localize, making its detection more
precise. Thus, for each voxel of J , we attribute a variational
criterion, i.e., the contrast value computed on a neighborhood

in each layer. It will allow the limit of the cartilage along the
normal to be found. Moreover, the volume of interest limits
the false negative as it focuses on a volume near the articular
domain.

B. Bright and Homogeneous Tissue Evaluation

This section describes the selection of the cartilage volume in
the image of normals J in which we want to find a threshold Sl

that separates dark from bright tissues in the intensity domain.
The intensity level histogram Hl of the images allows the statis-
tical characteristics of two Gaussian contributions in a complex
distribution to be computed using the Otsu algorithm [32]. Thus,
applied to the intensity level histogram of J defined in (5), the
Otsu algorithm decomposes it as a mix of two principal compo-
nents in the intensity domain: Gaussian distributions N(µl

1 , σ
l
1)

dark tissues, and N(µl
2 , σ

l
2) bright tissues, as follows (p is a

mixing parameter):

Hl
∼= pN(µl

1 , σ
l
1) + (1 − p)N(µl

2 , σ
l
2). (6)

The separation threshold Sl is chosen as the most probable
threshold between the two distributions. When applying this
threshold to the image, we obtain the object of bright tissues

BO = {(u, v, h)/J(u, v, h) ≥ Sl}. (7)

In complement to Sl , µl
2 is used as a lower threshold for very

bright tissues.
With the same method, on the histogram Ht of texture im-

age K introduced in Section III-C and defined by (29) in
Appendix II, we can apply the Otsu algorithm to compute the
separation between homogeneous and inhomogeneous tissues
in the texture domain. Thus, the Otsu algorithm decomposes the
histogram Ht as a mix of two Gaussian distributions N(µt

1 , σ
t
1)

homogeneous tissues, and N(µt
2 , σ

t
2) inhomogeneous tissues,

as follows (q is a mixing parameter):

Ht
∼= qN(µt

1 , σ
t
1) + (1 − q)N(µt

2 , σ
t
2). (8)

The separation threshold St is chosen as the most probable
threshold between the two distributions. When applying this
threshold to the image, we obtain the object of homogeneous
tissues:

HO = {(u, v, h)/K(u, v, h) ≤ St}. (9)

In complement to St , µt
1 is used as a higher threshold for very

homogeneous tissues.
The 3-D object corresponding to bright and homogeneous

tissues BHO, can be defined as the intersection of the two
subsets BO and HO

BHO = BO ∩ HO. (10)

This statistical interpretation reveals the classes of tissues
shown in Table I that were verified in the images.
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TABLE I
CLASSES OF TISSUES

C. Definition of Cartilage Volume for Femur and Tibia

The selection criteria being defined for the cartilage, i.e.,
bright and homogeneous tissues, we then process the image of
normals for both bones, i.e., femur and tibia.

Knowing the parameterization of the surfaces of both femur
and tibia in the cylindrical coordinate system, ΦF and ΦT re-
spectively, corresponding images of normals JF and JT are
computed by resampling the original image I(x, y, z) along
the samples (u, v, h) and (u′, v′, h′), where u (u′) represents
the position on the cylindrical axis, v (v′) represents the angle,
and h (h′) represents the height along the normal vectors to the
surface φ

JF (u, v, h) ≡ I ◦ (ΦF (u, v, h))

JT (u′, v′, h′) ≡ I ◦ (ΦT (u′, v′, h′)).
(11)

The maximum height is chosen in such a way that the entire
relevant information with regard to the cartilage is considered.
It is important to set h to the distance between the two bone
surfaces to allow further processing. For example, with a height
of 40 voxels and a resolution of 0.3 mm, a h of 12 mm is then a
pertinent choice.

Once the maximum height is defined, matrices of normals
JF and JT are computed followed by the evaluation of texture
matrices KF (u, v, h) and KT (u′, v′, h′) according to (29) in
Appendix II. Let us call F and T be the cartilage object of the
femur and of the tibia. These sets are defined by the follow-
ing relations, with λ = (u, v, h) and µ = (u′, v′, h′) to reduce
notations

F = {λ/JF (λ) ≥ Sl} ∩ {λ/KF (λ) ≤ St}
T = {µ/JT (µ) ≥ Sl} ∩ {µ/KT (µ) ≤ St}.

(12)

In this step, the objects F and T do not separate the cartilage
from the femur and the tibia. The processing done so far con-
sisted of a selection around the reference surfaces of each bone
ΦF and ΦT . The segmentations of the cartilage from the femur
F and from the tibia T share some information in that there is
a part of F in T and a part of T in F . In order to separate the
cartilage of the femur from that of the tibia, the transformations
between JF and JT must be evaluated. Thus, the selected voxels
can be transported to the alternate analysis volume, i.e., femur
parametric coordinate system to tibia parametric coordinate sys-
tem and vice versa. Hence, the common volume is first located.
Then, within this volume, where both femur and tibia informa-
tion is overlapped, it is decided that half the thickness belongs

to the femur and half to the tibia. Since the patella is given by
the bone segmentation, the same separation process is done to
separate the femoral cartilage from the patellar cartilage, using
the patella surface.

In this step, the result of segmentation appears to be final.
However, another step is required to extract the synovial fluid at
the cartilage–synovial fluid interface.

V. EXCLUSION OF SYNOVIAL FLUID

In contrast to the MR sequences used in a 1.5T apparatus,
such as the SPGR, which do not contrast the synovial fluid, the
DESS sequence allows a good contrast between the bone and
the cartilage, and enhances the contrast between the cartilage
and the synovial fluid [28], [29], providing sufficient difference
between these tissues to allow automatic separation of the two
classes.

A. DESS Sequence Allows Synovial Fluid/Cartilage
Discrimination

In DESS MR images, the intensity of the synovial fluid ap-
pears to be slightly greater than the cartilage, thus there exists a
detection threshold. This threshold does not appear clearly in the
histogram of intensity of the image J , but several tests revealed
that the contrast image K is a valuable image to find the in-
formation that the synovial fluid is an even more homogeneous
tissue than the cartilage.

Indeed, in DESS MR images, the synovial fluid objects are
uniformly very bright within a range of voxels. Thus, the very
homogeneous voxels consist mostly of synovial fluid; the car-
tilage, however, appears as the minority. This allows the iden-
tification of two classes defined by Cwat = {λ/K(λ) ≤ µt

1}
is class of very homogeneous tissues and Ccart = {λ/K(λ) >
µt

1} is class of not very homogeneous tissues (λ is used in place
of (u, v, h) to simplify the notations), which allows two densities
of probability, given by image histogram defined by

Pwat(l) = P (J(λ) = l|λ ∈ Cwat)
Pcart(l) = P (J(λ) = l|λ ∈ Ccart)

. (13)

These densities are a function of the intensity l and named
Pwat(l) and Pcart(l). We are looking for a decision test enabling
the intensity threshold to be defined, which will discriminate the
synovial fluid voxels in order to subtract them from the F and
T sets.

B. Synovial Fluid Discrimination Using Statistical Test

Using a Bayesian test, we are able to obtain the intensity l
that provides the optimal statistical threshold between the two
classes, i.e., cartilage and synovial fluid.

The Bayesian test states that λ belongs to class Cwat , for a
given l if

P (λ ∈ Cwat |J(λ) = l) ≥ P (λ ∈ Ccart |J(λ) = l). (14)

We note ccart = P (λ ∈ Ccart) and cwat = P (λ ∈ Cwat) are
the prior probability. Using Bayes theorem, the Bayesian test
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Fig. 5. Densities Pcart (l)ccart and Pwat (l)cwat function of intensity l, and
the computed threshold.

can be rewritten as a hypothesis test

Pcart(l)
Pwat(l)

≥ cwat

ccart .
(15)

To evaluate the second member of (15), we divide the car-
dinal of class cwat by the cardinal of class ccart . Thus de-
scribed, this test is operational and allows the optimal thresh-
old l that separates the cartilage from the synovial fluid to be
found. Fig. 5 shows that the test formalized by (15) consists
of finding the intersection between the distributions of the two
curves Pcart(l)ccart and Pwat(l)cwat . The initial histogram of
the image shows the existence of voxels with very high in-
tensity; these voxels correspond to the fluid. The two curves
Pcart(l)ccart and Pwat(l)cwat are the decomposition of the his-
togram, Pwat(l)cwat being the part corresponding to the fluid.

The segmentation process is now completed, enabling the
cartilage volume evaluation and its changes over time, excluding
the volume of synovial fluid.

VI. FINAL FILTERING

Variability may occur due to incorrect classification, i.e., false
alarms or missed detections, which occur locally as a conse-
quence of weak contrast delineation between tissues and are
mainly due to a low signal-to-noise ratio. In order to obtain
the best results, a filtering procedure must be applied to the
computed cartilage object.

We have observed that edges searched inside normal image J
give valuable information about the external cartilage interface.
Starting below the surface level toward the exterior, the first edge
information is the bone to cartilage interface, and the second is
the cartilage to soft tissues interface.

Unfortunately, the sparse structure of the edge prevents its
use for initial cartilage search. However, if we combine this
information with the objects obtained by texture analysis, we
acquire excellent results. We start from F(u, v, h), the femoral

Fig. 6. Slice of the image of normals.

Fig. 7. Initial solution is highlighted.

Fig. 8. Binary-edge information is highlighted.

Fig. 9. Correction result using edge information.

cartilage binary matrix, such that F = {(u, v, h)/F(u, v, h) =
1}.

A. Filtering Procedure

The procedure, explained step-by-step from Figs. 6–10, is
sequenced as follows.

1) Femoral cartilage volume F search, obtained by texture
analysis. The result is shown in Fig. 7 and is obtained from
the initial slice information of J illustrated in Fig. 6.

2) Binary edge image ∆J computation shown in Fig. 8 and
defined in Appendix III.

3) External interface correction, along each normal (u, v) of
J . If two edges are found inside F , these edges become
the new boundaries of F , as illustrated in Fig. 9.

4) Smoothing, for each height h, the surface of all 2-D re-
strictions of F to height h are filtered against small parts
based on the area of each individual contribution. Final
result is shown in Fig. 10.

It should be noted that in Fig. 9, there is a possibility that the
correction procedure failed locally; the absence of measurement
did not allow separation of a subpart of a meniscus. It is the
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Fig. 10. Correction result and component surface filtering.

counterpart of the boundary-detection approach. In the filtering
procedure, this is further overcome by the surface smoothing.

However, as shown in Fig. 11, this approach succeeded in
finding complex cartilage morphology, by taking into account
only measurement and not prior cartilage morphology.

B. Final Segmentation Examples

Examples of segmentation for two patients as calculated by
the presented technology are shown in Fig. 12.

In brief, the resampling process transforms the original image
into another coordinate system defined by the bone surface. This
step enables the “layer-by-layer” analysis and makes continu-
ous assessment of cartilage volume change simpler and more
convenient.

VII. CARTILAGE-CHANGE DETECTION

One of the main purposes of quantifying the volume of car-
tilage and using noninvasive means such as MR images is to
study its temporal evolution for observational and longitudinal
studies. To allow comparison of cartilage volume for an individ-
ual from MR images obtained at different times, analysis should
be performed in the same parametric space.

A. Registration Between Bone Surfaces

The images of an individual at two dates t1 and t2 should
be computed using a registration function to obtain a spatial
correspondence between bone surfaces to compensate for the
different positioning of the individual during each exam. We
suppose bone surfaces φt1 and φt2 of the femur and tibia have
been extracted from the two images I(t1) and I(t2). There exists
a registration function R allowing surface superposition. Reg-
istration using the iterative closest point method (ICP) [33] was
performed in the image coordinate space. Using (4), we com-
pute extended maps Φt1 (u, v, h) and RΦt1 (u, v, h) from which
images of normals can be constructed in the same parametric
space

J1(u, v, h) = I(t1) ◦ Φt1(u, v, h)

J2(u, v, h) = I(t2) ◦ RΦt1(u, v, h). (16)

This procedure allows the analysis of cartilage evolution in
the same parametric space, thus limiting variability due to mis-
alignment in the follow-up evaluation.

B. Cartilage Volume Change Computation

When the filtering process is completed, we obtain two seg-
mentation results for t1 [F1 , T1 ], and two for t2 [F2 , T2 ], respec-
tively, for the femur and tibia cartilage objects for visit t1 and t2 .
Using registration functions Rfemur and Rtibia , we can compare
F1 and F2 or T1 and T2 , as they are in the same parametric
space. Following is the computation of cartilage volume change
in which we describe the volume computation method.

The volume of the cartilage object in voxels is expressed as
follows for the femur as an example:

volvoxel(Fk ) =
∑
u,v ,h

Fk (u, v, h). (17)

In order to obtain a volume in cubic millimeter, the cartilage
object, described by its extended map, must be transported from
the pixel coordinates into the millimeter coordinates using a
linear transformation Tmm

Φmm(u, v, h) = TmmΦ (u, v, h). (18)

The volume computed in a neighborhood of Φmm(u, v, h)
was evaluated as the volume of polyhedron P(u, v, h), whose
vertices belongs to {Φmm(u ± 1/2, v ± 1/2, h ± 1/2)}, as ex-
plained in Appendix IV and obtained in cubic millimeter as
follows:

vol(Fk ) =
∑
u,v ,h

vol(P(u, v, h))Fk (u, v, h). (19)

Once F1 and F2 are restricted by an intersection mask to the
same bidimensional surface domain (u, v), the cartilage loss in
percentage is defined by

Loss = 100 × vol(F2) − vol(F1)
vol(F1)

. (20)

Note that the eventual cartilage “holes,” areas without car-
tilage surrounded by cartilage, are included in each domain
as areas with cartilage of thickness null. The volumes and the
changes over time were analyzed for the global knee, the femur
and the tibia. To visually illustrate the pertinence and accu-
racy of the described procedure, the cartilage segmentation and
cartilage loss detection are represented in Fig. 13. Of note, the
automatic segmentation time for two visits of the same patient is
approximately 1.5 h, including approximately 50 min for both
bone segmentations, i.e., femur and tibia, less than 2 min for
registration, and 40 min for both cartilage segmentations.

VIII. VALIDATION

A cohort of 14 osteoarthritic patients aged 52 to 72 (62 ± 6.8
years) was used for the validation experiments. All patients were
diagnosed by a certified rheumatologist as having osteoarthri-
tis according to the American College of Rheumatology crite-
ria [34]. This study was approved by the ethical research com-
mittee Regroupement Neuroimagerie/Quebec (CMER/RNQ),
in Montreal, QC, Canada. A consent form was signed by each
individual. The MRI exam, performed on a 3T MRI apparatus,
included a sagittal 3-D DESS-water excitation (WE) sequence,
ST = 0.7 mm, TR = 16.32 ms, TE = 4.71 ms, NEX = 1,
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Fig. 11. Complex cartilage delineation: discontinuity provoked by (a) osteophytes and (b) denuded surface and osteophytes are indicated by arrows in the
respective panels.

Fig. 12. Cartilage segmented with the newly developed automatic algorithm is shown in light gray for the femur and in darker gray for the tibia. Images represent
patient 1 (a, b) and patient 2 (c, d), medial (a, c), and lateral (b, d) compartments.
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Fig. 13. MR images of an osteoarthritic individual showing medial femur loss of cartilage thickness near the posterior meniscus region between (a) the baseline
and (b) 12-month follow-up. Arrows indicate the cartilage loss.

FoV = 140 mm, %phaseFoV = 100%, matrix = 384 px,
phase resolution = 80%, FA = 25 deg, FS = WE, and phase
partial Fourier = 7/8. This sequence is known to be optimized
for cartilage reading [29].

The validation consisted of two parts. For the first part, a
comparison of the cartilage volume, as well as volume changes
over time, was performed between the validated semi-automatic
method (Cartiscope) as previously described [31] and the newly
developed fully automatic segmentation using scans from nine
patients. For the second part, the measurement error of the newly
developed segmentation was evaluated with a test–retest analy-
sis using scans from five patients.

A. Comparison Between Automatic and
Semi-Automatic Segmentations

Scans from nine osteoarthritic patients for which two MRIs
of the same knee were done at a 12 month interval were used
for cartilage volume evaluation with both the validated semi-
automatic method (Cartiscope) and the newly developed au-
tomatic method. Table II shows the cartilage volume obtained
for each visit for each patient. Patients are referred to as P1 to
P9 and the MRI exams as baseline and visit, providing a to-
tal of 18 images, nine baseline, and nine follow-up visits. The
correlation between the automatic and the semi-automatic seg-
mentations was excellent with Pearson correlations of r = 0.96,
p < 0.0001; r = 0.95, p < 0.0001; and r = 0.83, p < 0.0001
for the global knee, femur, and tibia, respectively.

For the nine patients, using (20), a vector of nine change-in-
time values is obtained for each method. Data revealed an excel-
lent correlation between the automatic and the semi-automatic
method, for the global knee (r = 0.76 and p = 0.016) and for
the femur (r = 0.79 and p = 0.011). No statistically signifi-
cant correlation was found for the tibia. The latter could be
explained as follows. First, the tibial plateau cartilage demon-
strates a lower signal-to-noise ratio than the femoral condyle
cartilage, i.e., the cartilage appears darker and is harder to dis-

tinguish from the other tissues, potentially resulting in incorrect
classification of the pixels. Second, the articulation geometry is
such that most of the tibia cartilage surface is in contact with
the femur cartilage causing the higher measurement noise oc-
curring in this area to weigh proportionally more for the tibial
cartilage selection than for the femoral cartilage. Note that this
noisy area has no impact at all on the global volume, which
is the sum of both tibial and femoral cartilages. On the other
hand, the Dice similarity coefficient (DSC) was computed as
DSC(A,B) = 2 × |A ∩ B|/(|A| + |B|) as described in [18]
for all regions. This coefficient measures spatial volume over-
lap between two segmentations. The DSC between automatic
and semi-automatic segmentation showed values of 0.83 ± 0.04
(median 0.84) for the global, 0.84 ± 0.03 (median 0.85) for the
femur, and 0.82 ± 0.07 (median 0.84) for the tibia. These re-
sults are similar to those of Fripp et al. [20] on a small number
of healthy individuals: 0.85 ± 0.07 (median 0.87) for the femur
and 0.83 ± 0.08 (median 0.85) for the tibia, as well as those of
Folkesson et al. [18] obtained, on 86 non or mild osteoarthritis
patients: 0.80 ± 0.03 for the global.

B. Test–Retest Experiment

Scans from five osteoarthritic patients for which two MRIs
were done for both knees in the same exam with repositioning
of the patient between the scans were used for cartilage segmen-
tation with the newly developed automatic method. The knees
are referred to as L1 to R5 for the left (L) and right (R) knees of
patients 1 to 5. Patient 4 had three acquisitions of the right knee
and none of the left; thus we considered two independent pairs,
R4 for the comparison between test and the first retest, and R4B
for the comparison between test and the second retest.

The measurement error evaluated according to the loss func-
tion (20) provides the average value and the standard devia-
tion. Although the number of specimens was low, excellent
values were obtained: −0.30 ± 1.6% for the global knee and
0.14 ± 1.7% for the femur. For the tibial plateau, a test–retest
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TABLE II
COMPARISON OF CARTILAGE VOLUME BETWEEN SEMI-AUTOMATIC AND AUTOMATIC METHODS FOR GLOBAL KNEE, FEMUR, AND TIBIA

TABLE III
TEST-RETEST CARTILAGE VOLUME (MM3 ) FOR GLOBAL KNEE, FEMUR, AND TIBIA
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of −1.12 ± 3.8% was found, which reflects the problems as
described in Section VIII-A. Moreover, the minimum thresh-
old for a detectable cartilage volume change according to the
formula of Eng [35], in which the calculation was performed
using the standard deviation of the global cartilage volume loss
(1.6%) combined with a confidence probability of 95%, a statis-
tical power of 85%, and 100 osteoarthritis patients (which is the
average number of an osteoarthritis cohort in a clinical trial), is
0.96%.

IX. CONCLUSION

Here, we present an algorithm that automatically segments
human knee cartilage from 3-D MR images, allowing continu-
ous assessments of human osteoarthritic knee cartilage volume.
Based on a presegmented bone surface, the method resamples
the MR images within its neighborhood and uses texture anal-
ysis to detect the external boundary of the cartilage, followed
by the automatic separation of the cartilage and the synovial
fluid using a Bayesian decision criterion. Moreover, this system
allows the quantification, not only of the global knee cartilage
volume, but also of the femur and tibia independently.

In previously published works on automatic segmentation
of articular cartilage [18]–[20], the methods did not allow a
registration reference or separation of the knee cartilage into
individual regions, they were not validated on complex carti-
lage morphology that typically occurs in osteoarthritis patients,
they did not comprise follow-up evaluation nor evaluate the
stability of the method by, for example, test–retest analysis.
Importantly, none of these previous methods was designed for
the separation of cartilage from synovial fluid, a crucial step to
reduce intrasubject variability. In the newly developed method
described herein, these main problems have been addressed.
Indeed, the first challenge of using a stable registration refer-
ence was solved by employing bone surface as domains of the
presence of cartilage. This was followed by a non-model-based
segmentation, thus allowing delineation of complex and un-
predictable cartilage morphology typical in pathological joints.
Another important issue was the exclusion of the synovial fluid.
This was possible using 3-D DESS MR images, which contain
specific fluid information. In such images, the fluid is a very ho-
mogeneous and bright image area, which can be discriminated
from the cartilage by using a Bayesian test. This contrasts with
the use of other gradient echo MR sequences, e.g., 3-D-SPGR
and 3-D-FISP, where it is virtually impossible to distinguish
the synovial fluid from the cartilage by an automatic process;
for these MR sequences only human expertise can be used to
discriminate these two tissues.

A validation experiment with knee osteoarthritis patients and
two visits (baseline and follow-up) demonstrated excellent cor-
relations between semi-automatic and automatic segmented car-
tilage volume, not only for the global cartilage, but also for the
femur and tibia. Correlation of cartilage volume and cartilage
loss between the two visits also revealed excellent accuracy of
automatic cartilage segmentation for global and femur patho-
logical specimens. Test–retest validation also showed a very
low error measurement level. These suggest that the developed

automatic system is reliable and provides precise assessment of
human osteoarthritic knee cartilage volume.

Cartilage degradation is the hallmark of osteoarthritis and
its volume loss is related to the progression of the disease.
The fully automatic method described herein provides accurate
quantification of knee cartilage volume, and would, therefore,
be useful not only for diagnosis, but also for clinical trials with
patient follow-up.

APPENDIX I
CONTRAST AND SGLD MATRIX

This section details the contrast computation by the SGLD
matricial technique. Let I(x, y) be an image, i and j be two
gray levels and v = [vx, vy ] a vector. Computation of the SGLD
matrix of I is noted as follows:

S(I, v) = [S(I, v)ij ] (21)

where S is a matrix, whose indices correspond to gray levels
i and j. The vector v is placed at all possible origins (x, y) in
the image I(x, y) and we count how many times the following
system (22) is true, and report it in the element S(I, v)ij{

I(x, y) = i
I(x + vx, y + vy ) = j

. (22)

Hence, the element S(I, v)ij tells how many times the origin
voxel of v contains intensity i, while its destination voxel con-
tains the intensity j. Relying on this resulting matrix storing the
information about the texture of image I(x, y), we define spe-
cific operators to evaluate all the classical texture component
characteristics such as homogeneity and contrast [36].

The contrast d of an SGLD matrix S(I, v) is defined by the
following equation:

d(S(I, v)) ≡
∑
i,j

|i − j|2S(I, v)ij . (23)

To obtain a direction-independent contrast, the mean con-
trast over the four following vectors is computed; v1 = [1, 0],
v2 = [0, 1], v3 = [1, 1], and v4 = [1,−1]. The evaluation of the
direction-independent contrast of SGLD matrix will be called
contrast cont[I] of I and given by

cont[I] ≡ 1
4

k=4∑
k=1

d(S(I, vk )). (24)

APPENDIX II
2-D NEIGHBORHOODS

To simplify the text, the layer of 3-D matrix J for a given
height h = f will be noted Jf (u, v) ≡ J(u, v, h)/h = f . It is a
2-D image defined by a 3-D image restriction.

Let Bt be a 1-D neighborhood of t of size α defined by

Bt ≡ {s/|s − t| ≤ α} . (25)

Using this neighborhood, the 2-D neighborhood (Bu,Bv )
centered on each point (u, v) exists, thus defining “stamps”
Jf (Bu,Bv ) of Jf (u, v) such that

Jf (Bu,Bv ) ≡ {Jf (u, v), u ∈ Bu, v ∈ Bv} . (26)
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We can evaluate the contrast Cf (u, v) of each individual
stamp Jf (Bu,Bv ) of center (u, v) using the definition given in
Appendix I of the contrast cont[J ] of an image J

Cf (u, v) ≡ cont[Jf (Bu,Bv )]. (27)

The relation (27) is verified for all (x, y), thus the 2-D contrast
matrix Cf has the same size as Jf . Basically, the size of the
neighborhood was set to 5 × 5 voxels, α = 2.

This definition can easily be transposed to 3-D images
J(u, v, h), as defined in (5). Analyzing the 2-D images ob-
tained along each layer of distance h, we can express the local
stamps J(Bu,Bv , h) as follows:

J(Bu,Bv , h) ≡ {J(u, v, h), u ∈ Bu, v ∈ Bv} (28)

thus compute the contrast matrix K of the entire image of nor-
mals J

K(u, v, h) = cont[J(Bu,Bv , h)]. (29)

APPENDIX III
LAPLACIAN EDGE MATRIX

The Laplacian edge matrix of a 3-D image I is a binary matrix
of discrete surfaces ∆, with ∆(i, j, k) = 1 if (i, j, k) is on the
interface. The matrix of surfaces is constructed by combining
Laplacian images of contour evaluated on sagittal, coronal, and
axial slices of image I. If ∆ij = ∂2

/
∂i2 + ∂2

/
∂j2 is the 2-D

Laplacian operator, ∗ is the 2-D convolution operator, and Gij

is the Gaussian kernel, along the dimensions i and j, the set ∆
is constructed as a sum of 2-D Laplacian operators of image I
along each dimension

∆(h, c, t) = 1
if ∆1(h, c, t) + ∆2(h, c, t) + ∆3(h, c, t) ≥ 1 with


∆1(h, c, t) = 1, if |Iz=t ∗ ∆hcGhc | ≤ σ
∆2(h, c, t) = 1, if |Ix=h ∗ ∆ctGct | ≤ σ
∆3(h, c, t) = 1, if |Iy=c ∗ ∆htGht | ≤ σ.

(30)

APPENDIX IV
POLYHEDRON VOLUME BY SIMPLICIAL DECOMPOSITION

A simplex Si is a tetrahedron generated by three noncollinear
vectors (�a,�b,�c). If P(u, v, h) is a binary volume matrix associ-
ated with a polyhedron P , i.e., P = {(u, v, h)/P(u, v, h) = 1},
a simplicial decomposition [37] of the polyhedron provides its
decomposition into simplexes Si = {(u, v, h)/Si(u, v, h) = 1}
such that

P(u, v, h) =
∑

i

Si. (31)

The volume of each simplex Si is the volume of the simplex
generated by (�a,�b,�c), given by

vol(Si) =
1
6

det(⇀
a,

⇀

b ,
⇀
c ) (32)

where det is the determinant of the 3 × 3 matrix. Hence, the
global volume of polyhedron P is given by

vol(P ) =
∑

i

vol(Si). (33)

Each of the height vertices of polyhedron P belongs to the
set {Φmm(u ± 1/2, v ± 1/2, h ± 1/2)}. Polyhedron P is con-
structed in our method as the reunion of two prisms, each prism
decomposed in three tetrahedra [37].
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