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Summary
Objective: We present a multi-dimensional framework for the visualization of femoral articular cartilage. The framework comprises methods for
visualizing and quantifying changes in cartilage thickness and surface morphology derived from MRI based cartilage segmentation. Adequate
visualization of cartilage allows accurate and clinically meaningful assessment of cartilage surface morphology and thickness. In current practice the routine use of conventional 2D MR images provides limited qualitative information and is inconvenient because the imaged volume
has to be reviewed slice by slice.
Method: A Graphical User Interface (GUI) that encapsulates the framework described above was developed. In the ﬁrst stage of the analysis
MR images of the knee are segmented to delineate cartilage boundaries. Cartilage thicknesses are subsequently measured. The detected
points and corresponding thickness data are utilized to produce a visualization framework.
Results: The system was tested using data from six example patients. The spatial distribution of cartilage on the articular surface was visualized using a 3D WearMap. The 2D WearMap allowed the entire cartilage surface to be studied at once. Quantitative interaction with the 2D
WearMap was assisted by the ability to ascertain cartilage surface dimensions and TrackBack from a point of interest to the original MR image.
As a result, the detection of wear patterns and lesions was efﬁciently carried out.
Conclusion: A means of quantitatively visualizing cartilage defects non-invasively is presented. This stands to reduce clinician reporting times,
as well as allowing quantitative follow-up that facilitates osteoarthritis (OA) screening and planning/evaluating interventions.
ª 2007 Osteoarthritis Research Society International. Published by Elsevier Ltd. All rights reserved.
Key words: Osteoarthritis, Cartilage thickness, Surface morphology, Cartilage lesions, MRI, Visualization, Non-invasive.

Arthroscopic inspection, via visible light, is another method
commonly used to ascertain cartilage state. It allows direct visualization of the cartilage surface morphology and permits
targeted and instant interventions, such as administration of
cartilage allografts6. However, arthroscopy cannot depict
cartilage thickness and its relative invasiveness and operator
dependency limits its viability as a screening tool3,6,7.
The concept that OA is a dynamic pathological process
has resulted in the possibility of new treatment options.
As new methods for treatment/prevention of OA emerge,
current methods for the quantitative assessment of OA
may not have sufﬁcient sensitivity. Selection of the most appropriate interventional technique depends on the development of better methods of assessing and tracking OA1. In
this context, the use of Magnetic Resonance (MR) Imaging
(MRI) has gained signiﬁcant support. Developments in
pulse and gradient sequences and image resolution, as
well as superior innate soft tissue contrast, have enabled
much more accurate assessment of cartilage1,8.
MRI allows detailed, multi-planar analysis of the joint
anatomy, as well as cartilage and underlying bone status,
with the ability to view articular surfaces at any angle.
This permits a far greater understanding of the progression
of altered joint dynamics and cartilage state in OA e utilizing
a method that is non-invasive and uses non-ionizing radiation3. MRI is becoming the recognized imaging method for
accurate visualization of cartilage morphology and thickness depiction1,8.
New cartilage MR sequences are constantly emerging; at
present the most widely accepted imaging standard for the
purpose of accurate cartilage visualization is 3D spoiled gradient echo sequences (e.g., SPGR) with fat suppression.

Introduction
Osteoarthritis (OA) has a signiﬁcant impact in terms of morbidity, quality of life, economic and social cost1. It is the
most prevalent form of arthritis e affecting a large proportion of the population, internationally. OA is responsible
for much of the disability associated with the elderly, with
many over 60’s showing symptoms2. Adequate visualization of cartilage is paramount in allowing accurate and
clinically meaningful assessment of cartilage surface morphology and thickness e as well as tracking progressive
cartilage degeneration.
Traditionally, the detection and analysis of OA have been
achieved by plain radiography. Many clinical manifestations
of the affected joint are usually apparent and serial radiographs have been used as a means of tracking the progression of OA by changes in ‘joint space width’ (JSW)3.
However, the data portrayed by a radiograph are widely regarded as unsatisfactory since the state and morphology of
cartilage are difﬁcult to determine in one plane. JSW measurement, reliability and reproducibility are affected by the
state of surrounding tissue3 and joint positioning, as well
as inter-reader variability, providing limited clinical and statistical usefulness1,4,5.
a
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This sequence allows accurate deﬁnition of cartilage thickness, surface state and delineates cartilage boundaries8.
Studies by Disler et al. and Recht et al. in assessing 3D
SPGR’s ability to detect cartilage lesions have shown sensitivities of 85% and 81%, respectively4,9. These studies endorse the fact that this type of sequence is particularly
suited to detecting articular cartilage disease. The high contrast between cartilage and its interfaces with bone and synovial ﬂuid means that cartilage appears as a high intensity
band as signal intensities are rescaled following fat suppression. 3D acquisition, with thin contiguous slicing, permits
functional multi-planar reconstruction in order to evaluate
the full curved cartilage surface and is the basis of accurate
segmentation.
In current practice the clinician views the data slice by slice
from the 3D MR imaged volume in order to assess cartilage
state. As a result, the clinician experiences a lack of spatial
perception. This makes reading and interpretation unnecessarily difﬁcult, hence, prolonging examination times. In addition, the approach only offers qualitative inferences to be
made from images10. As a result, image processing and visualization techniques are becoming increasingly important
in detecting and monitoring long-term cartilage loss, as well
as evaluating the response to surgical/therapeutic intervention. Hence, the development of a visualization framework
that comprises an accurate semi-automatic and interactive
tool for cartilage morphological/thickness assessment from
MR images of the knee would be highly beneﬁcial.
Since the accurate assessment of articular cartilage morphology and structural damage is paramount in monitoring
the progression of OA and evaluating the therapeutic
response, such a tool would allow the evaluation of cartilage
integrity and detection of early degeneration e permitting
a more prophylactic approach to OA management, avoiding
progressive joint destruction. To attain such a tool, post-MR
imaging processing techniques, such as segmentation, are
vital.
The goal of segmentation is to delineate the femoral articular cartilage from consecutive MR slices, once a 2D set of
MR images from across the knee have been acquired. This
allows the cartilage thickness and morphology to be
determined. Accurate and semi-automatic segmentation
provides new ways of visualizing cartilage from conventional MRI, eliminating the need for more invasive
approaches in OA diagnosis3.
Quantitative image analysis techniques, resulting from
cartilage segmentation, have been widely reported. Different mathematical methods for thickness determination

between the detected cartilage edges have been developed, but are of varying accuracy11. Referring to Fig. 1,
the vertical distance method is inappropriate for curved surfaces, such as cartilage, as distance is always measured
along a constant vertical direction. Many studies, however,
have emphasized the use of normal vectors that sustain
minimal error (0.02%) in estimating cartilage thickness11.
Using MRI, ‘in vivo’ cartilage thickness determination,
such as using normal vectors on segmented cartilage e
as opposed to conventional invasive means (arthroscopic
biopsy) e is achievable, with high precision. This has resulted in quantitative, reproducible methods which are
able to represent subtle variations in cartilage thickness in
a manner that is clinically useful1.
Visualization of thickness measurements and cartilage
surface distribution in 2D and 3D, derived from segmentation,
allows the progression of OA to be studied. This, in turn, facilitates the planning of interventions by supplementing information that can be inferred from conventional MR images5.
The ability to quantitatively assess the progression of OA in
this manner is a necessary step in characterizing normal
joints and understanding the factors that inﬂuence the disease process, as well as evaluating the effectiveness of
any treatment/intervention3.
SCOPE OF THE WORK UNDERTAKEN

A number of papers have addressed segmentation based
cartilage thickness measurements, but, very few have dealt
with the resulting clinically useful visualization possibilities
through an interactive interface that would aid in the current
diagnostic process12,13.
This paper presents a multi-dimensional framework for
the visualization of femoral articular cartilage. Methods for
visualizing and quantifying changes in cartilage thickness
and surface morphology associated with the progression
of OA derived from MRI based cartilage segmentation
(see Fig. 2) are described. The framework is demonstrated
by developing a Graphical User Interface (GUI) to visualize
MR datasets from patients. The paper focuses on the knee
joint, but the methods presented can be readily applied to
analyze articulating cartilage in general.

Methods
SEMI-AUTOMATIC SEGMENTATION

In the ﬁrst stage of the analysis (see Fig. 2) MR images
are segmented to delineate femoral articular cartilage. Our

Fig. 1. An illustration of different means of measuring cartilage thickness.
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when the region still encloses the cartilage structure in the
following slice. This reduces the number of times regions
need to be deﬁned for a volume dataset. The segmented
dataset comprises one segmented femoral cartilage volume, of one knee, in one patient.
After the regions are determined, segmentation is initiated from a deﬁned centre point. This is selected to be
roughly central within the sagittal section of the femoral condyle and becomes the starting point of a radial outward
search, where radii are projected at ﬁxed angle increments
of 4 (from 0 to 180 ) toward the cartilage boundaries.
Each radial line is searched until the cartilage surfaces
are identiﬁed. This is achieved by a signal intensity thresholding method, which detects the position of the cartilage
boundaries. The detected cartilage edges are then ﬁtted
using a cubic B-spline interpolation algorithm to depict the
cartilage contour throughout the imaged volume.
The segmentation procedure is performed automatically
for all the images in the volume. The end result is a series
of contours that represents the cartilage boundaries in
the image slices. Segmented images are then produced
by masking the contours with the original images. The
segmentation method was implemented using MATLAB
(Mathworks Inc.).
THICKNESS MEASUREMENTS

Quantitative
Interaction

Fig. 2. A ﬂow diagram indicating the development of our methodology
and the scope of this paper.

semi-automatic segmentation method, founded on a radii
outward searching edge detection method14, was utilized
with a user-administered ‘region select’ function to localize
the segmentation process. This ‘region select’ function
aims to reduce the ‘interference’ from tissue surrounding
the cartilage by using bounding regions. The bounding region is deﬁned for each image in the volume dataset by
clicking a number of points on the image to enclose the cartilage. The same region, deﬁned for a slice, can be reused

Inner and outer cartilage boundaries are detected by segmentation. Thickness measurements are made from the inner cartilage boundary (cartilageesubchondral bone
interface) in a direction normal to the inner boundary toward
the outer cartilage (cartilageesynovium interface) boundary
(Fig. 3). The detected coordinates of the inner cartilage
boundary are saved in an array (in terms of angular position
and slice number). The inner cartilage boundary is used as
the reference surface to initiate thickness measurements,
since the outer boundary is subject to morphological
change. This is important for follow-up measurements.
Thickness is calculated as the distance between the corresponding inner and outer detected points (see Fig. 4).
The cartilage thickness (in pixels) is then multiplied by the
pixel dimensions to give the thickness in mm. Any thickness
values that are calculated to be greater than a predeﬁned
maximum cartilage thickness (i.e., 3.5 mm) are rejected
and the corresponding coordinates for the inner and outer
edge are deleted. This prevents corruption of thickness
analyses by data that depart signiﬁcantly from the normal.

Fig. 3. Important anatomical features in a sagittal knee MR image (a 3D SPGR image).
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speciﬁcity, in percentage terms. This method of validation
allows the MR images to be compared pixel by pixel. In
addition, the mean cartilage thickness values for each of
the segmented datasets for the same knee were calculated.
We derived the standard deviation (SD) and the coefﬁcient
of variation e COV e which is deﬁned as 100(SD/average) of cartilage thickness from the mean cartilage thickness values calculated from each respective knee. The
volume of the femoral articular cartilage for each segmented dataset was also calculated. Representative COV
values for cartilage volume variation in the segmented datasets for each respective knee were also derived. This further enhances the validity of the reproducibility of our
segmentation method. This validation method is comparable to the work by Duryea et al.15 who have also used similar COV measures to validate their segmentation process.
VALIDATION e ACCURACY

Fig. 4. A segmented cartilage image showing the positions of the
corresponding inner and outer edge coordinates used to determine
the thickness at a particular position on the cartilage.

Thickness values are then stored for further processing.
Using this approach, normal thickness measurements
have been shown to be reliable when encountering local
disruptions of cartilage surface continuity that occur in OA,
such as osteophytes12. The measurement results are subsequently used to generate the WearMap of the cartilage.
This is described in the later sections of the paper.

In validating the accuracy of the semi-automatic segmentation procedure, it was necessary to compare the segmented data with a corresponding manually segmented
dataset (which was used as the standard against which
the semi-automatic method was compared). In this paper,
datasets of three normal patients (i.e., Patients 1e3) were
manually segmented. The process outlined to assess the
reproducibility of the segmentation method was carried
out by directly comparing the manually segmented dataset
with each of the four semi-automatically segmented datasets of each respective knee to produce mean sensitivity
and speciﬁcity values.
VISUALIZATION FRAMEWORK

VALIDATION e REPRODUCIBILITY

To validate the reproducibility of our visualization framework, directly dependant on the segmentation process,
each of the patient datasets (Table I) was segmented by
a single observer four times using the semi-automatic segmentation method. In order to focus on the effect of intraobserver variability, the same dataset was not segmented
consecutively in one day. This reduced the use of the prior
knowledge obtained during the segmentation of the same
dataset. Hence, the bounding regions and threshold had
to be re-deﬁned for each segmentation, while maintaining
the same centre to calculate the thickness of the femoral
articular cartilage for the same dataset.
Within the four semi-automatically segmented datasets
for each patient, in order to establish reproducibility we
directly compared the individual corresponding segmented
images in each dataset to derive sensitivity and speciﬁcity
values. The resulting values from each comparison of the
datasets (for each respective knee) were averaged to
derive the representative mean values of sensitivity and

Color scheme
A color scheme was developed to represent cartilage
thickness in the 2D and 3D WearMaps (discussed below).
This allows the user to easily distinguish between normal
and worn cartilage. Referring to Fig. 5, for thicknesses
above 3 mm a shade of green is employed to indicate
that the cartilage is within the thickness range that represents no concern. As the thicknesses get smaller (i.e.,
between 2 and 3 mm) a shade of yellow is used. This color
is chosen because the thicknesses in this range are approaching the thickness values (i.e., smaller than 2 mm)
that represent cartilage wear. It is important to note that
thicknesses in this color range are still within the expected
normal thickness values. In contrast, thicknesses smaller
than 2 mm are represented by a spectrum of redeblack
shades to highlight regions of cartilage wear or possible
lesions. The use of a log scale allows more colors to be
allocated to thicknesses below 2 mm e to highlight smaller
differences in cartilage thickness (0.25 mm rather than

Table I
Characteristics of the patients and data
Patient

Gender

Year of
age

Weight
(kg)

Knee

Clinical
scenario

1
2
3
4
5
6

Male
Female
Male
Male
Female
Male

52
42
30
25
69
48

72.0
70.0
60.0
70.0
69.0
81.7

Left
Left
Right
Right
Right
Right

Normal knee
Normal knee
Normal knee
Normal knee
Early OA
Severe OA

Image
matrix
size

Pixel
sizes
(mm)

Total
slices

Slice
thickness
(mm)

256  256
256  256
256  256
256  256
512  512
512  512

0.47
0.47
0.47
0.47
0.24
0.24

56
56
64
58
23
23

1.5
1.5
1.0
1.0
3.0
3.0
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To generate a 3D representation of the segmented cartilage, the inner cartilage boundary coordinates are used to
form a reference surface in conjunction with their corresponding thickness values. The coordinates provide spatial
orientation, allowing the positioning of the cartilage in 3D
space. This is overlaid with the color coded thickness
data to create the 3D surface, see Fig. 6.
Since global cartilage shape will vary between individuals
(with different degrees of OA degeneration), on visualization the characteristic shape of surface cartilage may not
be retained (especially with extremely worn surfaces of
severe OA). In such cases this makes spatial orientation difﬁcult. In order to overcome this problem a representative
‘bone mesh’ was constructed. This comprises two components: a horizontal cylinder to represent the distal portion
of the bone (femoral condyles) that maps onto 3D WearMap
and a vertical cylinder to represent the bone (femoral) shaft
that maps onto the horizontal cylinder. The overall construct
aids in spatial orientation and understanding the shape. By
plotting the bone mesh cylinders and 3D WearMap as an
integrated plot, experience shows that the user maintains
overall orientation e whilst undertaking detailed study of
the WearMap.

2D WearMap

Fig. 5. The color scheme that was employed.

1 mm). This approach is designed to cause the user to be
drawn to regions where possible cartilage degeneration is
occurring.

3D WearMap
The 3D WearMap provides a view of the thickness and
spatial distribution of the cartilage on the articular surface.

Due to the cylindrical nature of cartilage in the MR
images, the cartilage edges detected by the semi-automatic
segmentation process were stored in terms of angular position and slice number. This permitted all of the derived thickness points to be plotted as a contour plot in terms of their
angular position and slice number e to outline the 2D shape
of the cartilage (Fig. 7). Hence, mapping the cartilage within
a cylindrical construct enables the presentation of a projected (ﬂattened) view of cartilage.
The thickness value for each point is represented by
a color and overlaid onto the 2D WearMap. This uses the
same color scheme as that used in the 3D WearMap. The
color overlay on the 2D WearMap illustrates the wear pattern across the cartilage surface. This was implemented
in the same software as the segmentation technique e
MATLAB (Mathworks Inc.).
A normal thickness ‘reference’ template is then created
by plotting the same points to mimic the 2D shape of the

Fig. 6. 3D WearMap and Bonemesh.
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Fig. 7. Showing the relationship between the segmented imaged volume and the matrix array that allows production of the 2D WearMaps.

cartilage in the array and then replacing thickness values
for each point by anatomically deﬁned normal thickness regions derived from a study by Cohen et al.16. In the study by
Cohen et al., articular topography templates were produced
by statistically averaging thickness data from 14 healthy
joints to create maps of normal cartilage thickness distribution. This was done on the basis that cartilage thickness
WearMaps are of greatest use in identifying regions of thinning if the normal, expected distribution of cartilage is
known. In Cohen’s study average thickness maps, from
multiple individuals, were achieved by imaging each joint
in the same orientation with the same imaging parameters
and scaling to compensate for variations in joint size. Alignment was carried out via an anatomical based coordinate
system16. Normal thickness results taken from the study
were used to form the reference WearMaps in our study.
This was achieved by pre-deﬁning anatomical regions of
thickness to be mapped onto the shape of the patient’s
2D WearMap e using the same color scheme as previously
described to allow direct comparisons with the patient data.
QUANTITATIVE INTERACTION

The additional quantitative information resulting from the
methods described above is likely to have a signiﬁcant impact on OA detection and progression tracking and, potentially, on evaluating the effectiveness of treatment.
However, there is also a need to be able to directly relate
the WearMap information to the relevant 2D MR images
(raw images) of a joint. The next section addresses how
the conventional 2D MR images can be assessed in relation

to the WearMaps, whilst maintaining geometric integrity.
This is achieved by the TrackBack function.

TrackBack function
The TrackBack function allows any suspect region on the
2D WearMap to be immediately examined on the original
MR image. This facilitates a more focused assessment of
the MR image volume, avoiding tedious slice-by-slice comparison. This function is achieved by using an anti-morphing
procedure [see Fig. 8(a)]. The 2D WearMap is wrapped into
its 3D orientation and permits linkage back to the original
MR image. As a result, once a point of interest is interactively selected on the 2D WearMap, its coordinates (stored
in terms of angular position and slice number), see Fig. 8b,
can be used to identify and present the speciﬁc MR slice
corresponding to that point.
This reversibility between the 2D WearMap and original
MR image is necessary because the process of ‘morphing’
the 3D cartilage into a 2D WearMap, via the cylindrical projection, creates distortion, but provides convenience of visualization. Direct linkage back to the original MR data, using
TrackBack, assists clinical accuracy in assessment.
Once the original MR image is identiﬁed, the thickness
value at the point selected on the 2D WearMap is calculated. Thickness values are available at 4 increments
along each cartilage slice. (This is a function of the way in
which the cartilage boundaries are sampled on segmentation.) To determine the thickness for any intermediate point
on the 2D WearMap the thickness values based on 4
increments are interpolated, by linear interpolation, to the

Fig. 8. A schematic diagram indicating the relationship between a point selected on the 2D WearMap and its position on the 3D WearMap via
anti-morphing that (a) relates directly to its position on the original MR image and (b) is exploited for TrackBack.
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equivalent of 1 increments. Additionally, a thickness graph
can also be shown. This is achieved by creating a thickness
proﬁle for the speciﬁc slice to which the selected point belongs and by plotting thickness values against angular position. The graph is displayed beside the MR slice and the
calculated thickness value at the point selected on the 2D
WearMap is shown on the thickness graph. This function
could be performed multiple times for different locations of
the WearMap. This allows the TrackBack of multiple slices.
Furthermore, the WearMap can be exported and stored in
JPEG format for future reference.

Measuring Defect Dimensions
The Defect Dimension function allows the user to ascertain the horizontal and vertical dimensions (in mm) of a
region of interest on the cartilage surface (on the 2D
WearMap). Two points are selected on the 2D WearMap
by mouse-clicking. These are denoted by angular position
and slice number, and the distance between them is calculated. To permit accurate localization of the points selected,
coordinates for all points in the slice speciﬁc arrays (based
on 4 increments) are linearly interpolated to give a full
series of point coordinates along each slice.
To establish horizontal lesion dimensions, the ‘slice number’ coordinate components of the points selected are subtracted to give the number of slices lying between the two
points. These values are then multiplied by the slice thickness to convert them into a length in mm. In determining
the vertical dimensions of particular lesion, it is necessary
to recognize that cartilage in each slice comprises a curved
and irregular contour. Thus, simply calculating the distance
between two selected points along a cartilage contour does
not provide sufﬁcient accuracy e since variation in the cartilage contour between the points has not been considered
[Fig. 9(a)].
To overcome this problem points are sampled at 1 increments along the cartilage contour between the two selected
points. The distance between each successive point (dr) is
calculated and summed [Fig. 9(b)]. This is converted into
a distance by multiplying by the pixel dimensions to provide
an accurate value in mm (for vertical dimensions).

Results
VISUALIZATION USING SPECIFIC EXAMPLES

In order to demonstrate the system, data from six patients
were selected. These patients had varying degrees of wear
to the femoral articular cartilage. The characteristics of the
patients and data are summarized in Table I. Fig. 10 shows
representative MR knee images of each respective image
set used in our study. Using these data we demonstrate
the functionalities of our method (e.g., comparing the WearMap of a normal cartilage with the WearMap of a severely
degenerated cartilage).
MR images of all the patients were segmented using the
semi-automatic segmentation method to delineate the femoral articular cartilage. Segmenting each dataset (i.e., a femur of one knee in one patient) from patient with normal
knee generally took 10e15 min, whereas segmentation of
the OA datasets generally took 30e40 min. Segmenting
OA data required more observer intervention in the semiautomatic segmentation process. This is because each
slice in the OA dataset had to be more carefully scrutinized
to identify the actual cartilage within the image due to a decrease in cartilage contrast and homogeneity of the articular
cartilage with OA. The cartilages segmented from the images were measured and were visualized using the visualization framework described in Methods section. With the
cartilage data stored in an array, three types of plots e
the thickness graph, the 2D WearMap and the 3D
WearMap e were generated for each dataset. Using the
measurement data, the generation of the 2D WearMap for
a dataset of 56 segmented images typically took less than
5 s, on a standard personal computer. These plots constitute multi-dimensional cartilage thickness and morphological visualization (Fig. 11).
Patient 1: Referring to Fig. 12, the 2D WearMap compares well to the reference template. The cartilage in both
femoral condyles is clearly thicker than average (above
2 mm). However, at the patient’s patella region there is
a marked thinning (below 1 mm), that is abnormal, manifesting as red/black compared to the reference template which
presents as yellow/green. These results prompt further
quantitative analysis.

Fig. 9. Diagram indicating how measurements between the two selected points (yellow stars) can be made by not considering (a) and by
considering (b) the cartilage contour where dr is the distance between successive points sampled.

1078

S. Akhtar et al.: An MRI derived articular cartilage visualization framework

Fig. 10. From left to right-characteristic sagittal plane MR images of three volunteers displaying a normal knee, a knee with early signs of OA
and a severely affected OA knee.

Patient 2: Referring to Fig. 13, as well as small regions
of thinning on the lateral femoral condyle and patella
region, it is evident from the 2D WearMap that the patient’s
medial condyle has experienced considerable wear. In
this region attention is immediately drawn to a black
area of cartilage below 0.5 mm thickness (as illustrated
by the green arrow). This area may potentially be an
osteochondral defect or a severe OA lesion that would
require monitoring and management. The corresponding

area (medial condyle) on Patient 1’s 2D WearMap
(see Fig. 13) is represented by green color indicating
normal thickness, emphasizing that considerable thinning
has occurred of Patient 2’s articular cartilage in this
region.
Patient 3: Fig. 14 provides an example of severe OA.
Deviation of the cartilage thickness from the reference in
the patient’s 2D WearMap is seen across all regions of
the cartilage surface.

Fig. 11. Diagram showing the scope of cartilage visualization derived from the detected cartilage points due to segmentation.
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Fig. 12. 2D WearMap (right) of example Patient 1 and corresponding Reference template (left) of a normal patient.
VALIDATION

Reproducibiltiy
The validation procedure for each of the patient datasets
(Table I) comprised a person analyzing the data, segmenting
the data four times, using the semi-automatic method

described in Methods section. This amounts to a total of 24
segmented datasets (i.e., 1120 MR images). Each segmented dataset comprises the femoral cartilage of one
knee in one patient. Using the segmented images, we have
compiled a wide range of results (summarized in Table II
and Table III). The results consist of the mean cartilage

Fig. 13. 2D WearMap (right) of example Patient 2 and corresponding reference template (left) of a patient with early OA.
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Fig. 14. 2D WearMap (right) of example Patient 3 and corresponding reference template (left) of a severely OA affected.

thickness and the mean cartilage volume (see Table II), the
sensitivity and speciﬁcity values (see Table III), for all the
semi-automatically segmented datasets for each respective
knee. (Sensitivity refers to ‘true positive fraction’ between
the multiple segmented datasets of each respective knee in
detecting the cartilage regions. Speciﬁcity refers to ‘true
negative fraction’ between the multiple segmented datasets
of each respective knee in detecting the non-cartilage
regions.17)
Referring to Table II the COV of the mean cartilage thickness from multiple segmentations of the normal knee datasets ranges from 1.75% to 4.53%. The COV values of
cartilage volume for the normal knee datasets are also comparable, ranging from 1.59% to 3.3%. Furthermore, referring to Table III, sensitivity values for all the normal knee
datasets (Patients 1e4) are above 90%. In the view of the

Table II
Mean cartilage thickness and mean cartilage volume comparing the
intra-observer semi-automatic segmentation for each dataset
Patient

1
2
3
4
5
6

Clinical
Scenario

Normal
Normal
Normal
Normal
OA
OA

Mean cartilage
thickness (mm)

authors, these results denote a satisfactory reproducibility
of the semi-automatic segmentation of each knee.
With regard to the diseased knee datasets (Patients 5
and 6), sensitivity values of 73.1% for Patient 5 and
69.0% for Patient 6 were obtained. The COV of the mean
cartilage thickness and the mean cartilage volume for
Patients 5 and 6 are larger (i.e., around 11.5% for cartilage
thickness and 25.3% e knee 5 and 14.6% knee 6 for cartilage volume) than the COV values obtained for the normal
knee datasets. Both the sensitivity and COV values highlight some difﬁculties in detecting cartilage in the semi-automatic segmentation. However, the datasets for Patients 5
and 6 with OA had poor cartilage contrast. This makes it
difﬁcult to accurately delineate the diseased cartilage.

Accuracy
When investigating the accuracy of the segmentation process, we compared semi-automatically segmented datasets for each respective knee data with a manually
segmented dataset. In this study we only focused on testing
the accuracy of the data for patients with normal knees.

Mean cartilage
volume (ml)

Mean thickness
(mm)  SD

COV
(%)

Mean volume
(ml)  SD

COV
(%)

2.23  0.04
1.86  0.03
2.49  0.06
2.00  0.09
1.16  0.13
1.13  0.13

1.88
1.75
2.26
4.53
11.5
11.7

13.4  0.44
9.48  0.18
15.9  0.44
10.8  0.17
3.45  0.87
3.60  0.52

3.30
1.93
2.75
1.59
25.3
14.6

Each segmented dataset comprises a femoral articular cartilage
of one knee in one patient. SD: standard deviation COV: coefﬁcient
of variation.

Table III
Sensitivity and specificity obtained by comparing semi-automatically
segmented datasets for each knee data
Patient

Clinical
scenario

Sensitivity
(%)

Speciﬁcity
(%)

1
2
3
4
5
6

Normal
Normal
Normal
Normal
OA
OA

95.4
92.7
90.2
97.3
73.1
69.0

99.9
99.9
99.9
99.9
99.7
99.7
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Table IV
Sensitivity and specificity obtained by comparing semi-automatically segmented datasets for each knee data with a manually
segmented dataset
Patient

Clinical
scenario

Sensitivity
(%)

Speciﬁcity
(%)

1
2
3

Normal
Normal
Normal

82.1
78.4
78.7

99.7
99.9
99.5

Each dataset generally took about 60e90 min to be manually segmented. The averaged sensitivity value was around
80% and corresponding speciﬁcity value was above 99%.
For the normal knees (Table IV), a satisfactory correlation
between manual and semi-automatic segmentation was observed e thus afﬁrming the accuracy of the segmentation
process.
QUANTITATIVE INTERACTION

Upon detecting regions of concern from the 2D WearMap, such as a region of abnormal thinning, as illustrated
above, the TrackBack and Defect Dimensions may be
used to quantitatively assess these sites. These functions
are demonstrated using Patient 2 as an example.

TrackBack
Referring to Fig. 15, by performing a mouse click on the 2D
WearMap at a particular area of interest (e.g., an area of

black that indicates thinning), the original MRI slice image
was displayed and the selected point labeled. Point speciﬁc
TrackBack in this way maintains geometric integrity between
the WearMaps and radiological data. The MR image provided a qualitative representation of the point of interest.
The corresponding thickness graph of the segmented slice,
with the exact point and thickness value shown, provides
a quantitative analysis of the selected point. Focal thicknesses on the cartilage surface can be ascertained in this
way, with increased accuracy, and directly compared to conventional 2D MR data.

Defect Dimensions
The horizontal and vertical dimensions (in mm) of a region
of interest on the cartilage surface via the 2D WearMap
were measured using the Defect Dimension function. For
example, referring to Fig. 16, the horizontal dimension
was calculated to be 7.05 mm and the vertical dimension
20.8 mm, for the area of thinning indicated in black. This
can assist the user in the long-term quantitative monitoring
of such regions and enable parameters such as ‘rate of
lesion spread’ to be easily determined on follow-up e
allowing more effective clinical assessment.

Discussion
This paper presents a multi-dimensional framework for
the visualization of femoral articular cartilage e see
Fig. 17, a structure where detection of subtle thickness
changes is important for diagnosis. Within our visualization

Fig. 15. A schematic diagram indicating the TrackBack procedure using Patient 2 as an example.
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Fig. 16. Diagram to show the mechanisms by which dimensions of a particular defect (within the white circle) may be obtained.

framework there are several linked views of the same articular cartilage. The 3D WearMap allows an initial 3D spatial
orientation assessment of the articular surface. This is followed by a more speciﬁc 2D representation (i.e., 2D WearMap), where global cartilage thickness can be assessed.
Referring to Fig. 17, there are also quantitative interaction
functions (i.e., TrackBack and Defect Dimension measurement) implemented for the 2D WearMap. Thus, using our
framework the user has access to important quantitative information (e.g., cartilage thickness), as opposed to the current practice of viewing conventional raw MR images (see
Fig. 17).
With current practice, non-invasive and quantitative
assessment of articular cartilage is not possible in the detection and management of OA. The routine use of conventional 2D MRI provides limited qualitative information and
the inconvenience of evaluating the imaged volume slice
by slice. Referring to Fig. 17, our visualization framework
enhances the clinical information available from conventional MRI making feasible the routine non-invasive quantitative evaluation of articular cartilage to enhance current
practice. When applied to the example data in this study
for example Patient 2, discrepancies in cartilage thickness
were easily detected (Fig. 13) from the 2D WearMap. This
in turn, was used to make a focused assessment of those
2D MRI slices corresponding to the regions in question, using the TrackBack function. With the visualization framework providing a means of quantitative thickness and
lesion dimension assessment, signiﬁcant additional information can be provided to the clinician in a variety of contexts. These include, detecting and monitoring OA, timely
intervention, and monitoring subsequent effects of treatment e thus enhancing the management of the disease.

GRAPHICAL USER INTERFACE (GUI)

A GUI encapsulating the visualization framework described
was developed in the project. The GUI allows the visualization
of 3D MR image data of the cartilage and provides an interface
for interactive multi-dimensional cartilage surface assessment
(e.g., WearMaps and TrackBack function). The system was
demonstrated using data of patients suffering from different
stages of OA.
WEARMAPS AND REFERENCE TEMPLATE

With the 2D and 3D WearMaps developed in this study,
every point on the cartilage contour provides a local thickness that is represented on the WearMaps by a color
scheme that lends itself to highlighting cartilage thickness
abnormalities. This increases the user’s sensitivity to focal
changes in cartilage thickness and lesion size. The detection of cartilage thinning has a number of advantages. For
example, it allows accurate diagnosis and tracking of the
progression of OA, improvement in clinical management
to inhibit progression of OA e as well as the timing of therapeutic or surgical intervention14.
The 3D WearMap indicates to the user the spatial distribution of cartilage on the articular surface. The generic
bone mesh gives an intuitive presentation of the data, allowing an instant sense of association of the cartilage on the
distal bone. As a result, the need for the user to mentally
visualize the 3D orientation and thickness distribution of
the cartilage is overcome. The beneﬁts of 3D cartilage presentation with thickness data overlaid are seen as signiﬁcant since the wear data in 3D can indicate discrepancies
in patient gait or bone alignment e resulting in an uneven
distribution of wear or focal cartilage damage.
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Fig. 17. A schematic diagram to represent the automatic framework for visualization of articular cartilage.

The 2D WearMap presents a ‘ﬂattened’ version of the
cartilage surface. The entire cartilage surface can be studied at once, as opposed to the current practice of viewing
the MR data slice by slice. This allows the user to understand the distribution of cartilage and to readily detect any
wear patterns. Use of the GUI has shown that this view
makes detection of OA lesions or osteochondral defects
straightforward and enables the rapid identiﬁcation of
regions of concerned (facilitated greatly by the color
scheme). The 2D view is suited to depict changes in lesions
and cartilage thickness distribution on longitudinal followup, as well as in the effects of new treatments on the articular surface.
2D WearMaps are of greatest use when they can be compared to a normal distribution of cartilage. The presentation
of a reference template with the 2D WearMap allows the
data from individual patients to be directly compared with
average, i.e., normal values. This aids in the identiﬁcation
of regions of abnormal cartilage thickness loss in the joint
being investigated. It is important to note that in the generation of the normal reference template in our study the results taken from the study by Cohen et al.16 comprised
only 14 healthy joints. A wider range of subjects (e.g.,
age, gender etc) is still required in order to create a more
reliable template of normal cartilage in the future. However,
since the aim of our study was to develop a visualization
framework that could be clinically useful, the data by Cohen
et al.16 have provided a good basis for the generation of our
reference template.
We would maintain that MRI based methods are important
in indicating the structural success of surgical intervention

and the morphological evaluation of advanced treatment.
For example, osteochondral autograft success may be measured by the degree of defect ﬁlling and the extent of transplant integration with cartilage boundaries. Follow-up studies,
mainly using invasive arthrography, have shown that many
osteochondral autografts display a ﬁssure-like gap in relation
to the original neighboring cartilage at 18 months e indicating that the transplant has yet to be integrated. 2D WearMaps are suited to detect un-fused edges of cartilage, as
well as identifying a lack of transplant proliferation at the
donor site (in terms of thickness8). These maps have also
proved useful in detecting regions of signiﬁcant cartilage
wear, i.e., suitable for grafting.
We would argue that cartilage thickness WearMaps have
the potential to become standard clinical evaluation tools for
the quantitative assessment of cartilage lesions. They provide rapid visual indication of the presence of signiﬁcant
thinning. Thus, this would greatly assist clinicians who previously relied on their knowledge of the expected distribution of cartilage to determine the appropriate intervention
strategy.
QUANTITATIVE INTERACTION WITH DATA

The TrackBack function allows a diagnosis, using 2D
WearMaps, to be easily veriﬁed with standard radiological
information (i.e., original MR images). This is achieved by
the TrackBack function which allows any suspect region
on the 2D WearMap to be immediately examined on the
original MR image e this has been demonstrated using
the example dataset. This procedure enables a more
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focused and informed assessment of the radiology data
instead of reviewing ‘slice by slice’.
Using the Defect Dimension function it is possible to measure the horizontal and vertical dimensions of a particular
area on the cartilage surface. It allows the user to gain an
understanding of the size of the area of interest e thus providing the ability to readily ascertain the dimensions of any
defect.
SEGMENTATION AND CARTILAGE THICKNESS
MEASUREMENT

It is important to note that visualization of cartilage thickness data is dependant on the quality and accuracy of segmentation. Thus, increasing the effectiveness/robustness of
the segmentation procedure will inevitably improve the efﬁciency and accuracy of the quantitative and qualitative evaluation of cartilage e as well as offering the possibility of
earlier, more effective detection and treatment of OA18.
The Thickness measurements carried out in the study,
by measuring outward in a direction normal to the bonee
cartilage interface, are less likely to overestimate focal
cartilage defects and overcome the effects of the curved,
irregular nature of the cartilage interfaces11. The method
was tested on phantoms and detected all of the artiﬁcial defects11. However, the detection of cartilage thinning is limited to pixel dimensions, determining the lower limit of the
size of the detected lesion. Nevertheless, the thickness calculated is still a useful predictor of thinning in the areas of
cartilage being investigated19.
VALIDATION

Individual, corresponding segmented imaged slices were
compared for likeness and deviation from each other in
order to derive sensitivity and speciﬁcity values. It was considered to be sufﬁcient to represent reproducibility of the
semi-automatic segmentation for each knee. When comparing diseased patient datasets in this way (i.e., calculating
sensitivity and speciﬁcity), smaller sensitivity and speciﬁcity
values were obtained. This highlighted discrepancies in the
segmentation process. These were attributed to the nature
of the dataset i.e., poor cartilage contrast impairing detection of the already pathologically changed cartilage.
The COV of each knee for cartilage thickness and femoral articular cartilage volume (Table II) was also useful in
validating the reproducibility of the semi-automatic segmentation process by indicating variation in mean cartilage
thickness and mean femoral articular cartilage volume
across all segmented datasets of the same knee. A low
COV value implied small variation e thus high reproducibility rates. Because the dataset from the normal patients had
high cartilage contrast, small COV values from multiple segmentation of the same knee were expected. This was seen
in Patients 1e4, where COV ranges from 1.75% to 4.53%
for cartilage thickness and ranged from 1.59% to 3.3% for
cartilage volume for each patient (Table II). For diseased
cartilage (Patients 5 and 6), however, the large COV values
show that the mean thickness and volume of the segmented cartilage for each diseased knee are signiﬁcantly
different in each segmentation. This showed that it was difﬁcult to semi-automatically segment the cartilage from the
images mainly due to the poor contrast of the thin cartilage
in the images. Furthermore, identifying the cartilage was
also made more difﬁcult because of the pathological
changes that had occurred. In this study we have used a limited number of OA datasets. It is important to note that more

reﬁnement of the methodology and testing is needed in
order for it to reliably detect changes in OA.
In this paper data from three normal patients were compared with manually segmented data to assess the accuracy of the segmentation method. The results show that
the segmentation method produced satisfactory results.
The discrepancy between the manually segmented images
and the semi-automatically segmented images exist mainly
at the beginning and end edge of the cartilage.
Using the MR datasets from different patients has allowed
us to validate the reproducibility of the new segmentation
method. In the paper, we aimed to explore visualization
methods that would be clinically useful for an MR dataset
from a patient at a given time. In the assessment of the progression of OA, follow-up studies which involve acquiring
data over time are necessary. Hence, in this context, it is important to note that to fully validate our visualization framework will require multiple acquisitions from the same
patient over time. Hence, in this context, it is important to
note that to fully validate our visualization framework will require multiple acquisitions from the same patient over time.
This will require the development of an image registration
method to enable comparison of the datasets acquired at different times. However, this is outside the scope of the current
paper.

Conclusions
In the paper we present a new, routine, non-invasive
screening tool for the assessment of cartilage degeneration.
In Methods section we describe a means of detecting and
quantifying cartilage lesions in 2D and 3D. These allow
signiﬁcantly more information to be provided to the user
regarding the state of the cartilage that can be obtained
from conventional MR image data.
We would submit that the new methods presented in the
paper provide the ability to accurately visualize thickness distribution of cartilage and make quantitative assessments of
Defect Dimensions will reduce clinician reporting times, as
well as reduce the need for invasive investigations. To three
signiﬁcant ﬁgures, there is little or no difference (i.e., within
margin of error) between the results obtained from the
manual segmentation and those from the semi-automatic
method. However, the semi-automatic method is signiﬁcantly
faster (i.e., approximately three times faster as gauged from
the analysis of about 1000 images). Also, with the TrackBack
function the semi-automatic results can be easily and rapidly
checked by the clinician. We would argue that implementation of the methods presented will facilitate much better
follow-up of patients (because of the ability to use noninvasive quantitative assessment). For example, in the
screening of OA progression and in the planning and evaluation of surgical and/or pharmacological interventions.
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