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Abstract
Osteoarthritis (OA) is a degenerative disease affecting  
the articular cartilage characterized by slow cartilage loss 
over time. Magnetic resonance imaging (MRI) provides a 
non invasive and sensitive tool for examining structures  
involved in OA disease. Both morphological and quantitative 
MRI techniques are helpful in the diagnosis and treatment 
monitoring of OA patients. In MR imaging, cartilage  
segmentation is an important evaluation step to define 
cartilage loss in disease progression or cartilage volume  
increase as a response to treatment. This step, however, 
presents a significant and substantial burden in large  
cohort trials. Here, we present our initial experience using 
automated segmentation software, MR Chondral Health1, 
which is capable of automatically segmenting the whole 
knee cartilage on isotropic MRI scans.

Key points
1.  Automated cartilage segmentation is an essential  

tool for improving the detection of early osteoarthritis  
in patients at risk of OA and, in particular, in treatment 
monitoring of newly developed cartilage regenerative 
drugs. 

2.  MR Chondral Health1 provides robust and reproducible 
automated knee cartilage segmentation that can  
be performed on the most common 3D isotropic  
MR sequences.

3.  Automated quantitative MRI data extraction can  
be added to the automated cartilage segmentation  
as it provides valuable information about collagen  
fibers and glycosaminoglycans.

Background
Osteoarthritis (OA), the most common form of arthritis, is 
a complex, multifactorial condition that causes disability in 
the older population [1]. In terms of pathophysiology, OA 
refers to disease of the entire joint including breakdown  

of cartilage and the associated alterations in the underlying 
bone. This leads to joint deformity, disability, and debilitat-
ing joint symptoms of all joint structures such as cartilage, 
bone, menisci, ligaments, and tendons. Studies have 
shown that the morphometric assessment of the cartilage 
structure, such as volume and thickness, from MR images 
provides an accurate measurement of OA progression  
[2–4]. Although a number of quantitative MRI techniques 
[5–8] have recently been developed for the detection of 
early cartilage degeneration, one of the major hurdles for 
clinical translation of these advanced quantitative tech-
niques is the time-consuming and tedious task of manual 
or semiautomatic cartilage segmentation. In addition, 
manual segmentation is typically subject to relatively high 
inter- and intra-reader variability. Over the years, a number 
of different techniques for automated cartilage segmenta-
tion have been developed, including deformable models 
[9], clustering [10], intensity and edge detection-based 
[11, 12] approaches, and atlas-/graph-based methods [13]. 
The use of convolutional neural networks (CNNs) in knee 
articular cartilage segmentation has become very popular 
in recent years [14]. The model-based cartilage segmenta-
tion approach developed by Fripp et al. [15] has been  
implemented in the MR Chondral Health application  
(Siemens Healthcare, Erlangen, Germany) and provides  

1   The color codes of 21 cartilage regions automatically segmented 
using MR Chondral Health.

1  Work in progress. The product is still under development and not commercially available yet. Its future availability cannot be ensured.
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automated knee cartilage segmentation, which is further 
divided into twenty-one subregions. Here we present  
an overview of the basic features of MR Chondral Health 
and our experience of its application in clinical trials.

Segmentation workflow
Knee cartilage was segmented using the prototype  
MR Chondral Health software (version 2.1.0, Siemens 
Healthcare, Erlangen, Germany), which uses a model- 
based segmentation algorithm [15]. The basic scheme  
consists of four stages: preprocessing (bone-cartilage  
interface (BCI) determination), atlas alignment, bone  
segmentation, and cartilage segmentation [15]. According 
to anatomical landmarks introduced by Surowiec et al., 
knee cartilage is divided into six patellar, six tibial, and nine 
femoral subregions [16]. These anatomical landmarks are 
visible on MR images as well as during arthroscopy. The 
color codes used are shown in Figure 1. Each segment can 
be further divided into three layers defined as three-thirds 
along the surface bone-cartilage interface (BCI) axis, if 
needed. The software is also capable of calculating a global 
and mean volume and thickness for each region – it is cal-
culated as an average of the thickness values of the pixels 
lying on the BCI through all slices of a certain cartilage  

region. If a quantitative MRI measurement is available,  
it can be loaded into the software along with the morpho-
logical image, and after image registration, quantitative 
MRI values can be automatically extracted. Any of the  
3D morphological sequences can be used for automated 
segmentation, preferably 3D-DESS (Double-Echo Steady 
State), but we successfully segmented cartilage on 3D-GRE 
(Gradient Echo), 3D-TrueFISP (Balanced Steady-State GRE), 
3D-MERGE (Multiple Echo Recombined Gradient Echo),  
and 3D-WAT images (T1-weighted gradient echo with  
water-selective excitation). On average, a single knee  
segmentation step takes approximately 5–15 minutes,  
depending on the pixel resolution and number of slices 
(tested on a standard workstation equipped with an Intel 
Xeon W-2225 CPU @ 4.10 GHz with 4 cores, 16 GB of  
physical memory and an AMD Radeon R7 450 graphical 
unit). The example of automated cartilage segmentation 
from 3D-DESS and 3D-GRE morphological images are 
shown in Figure 2 and 3 respectively.

After coarse initial segmentation, the software allows 
the user to edit the individual cartilage regions manually. 
Two editing modes are available: paint mode, which uses 
brushes of selectable size and shape and adds or removes 
parts of the selected region, and nudge mode, which is  
applied to the contours of the selected region, which can 

3   (3A, B) Automated segmentation of the medial condyle on 3D-GRE images (3-tesla MRI, echo time 4.92 ms, repetition time 16.3 ms, 
acquisition matrix 320 x 320, pixel spacing 0.5 x 0.5 mm, slice thickness 0.7 mm). (3C, D) Automated segmentation of the lateral condyle  
on 3D-GRE images of the same subject scanned with the same protocol.

3A 3B 3C 3D

2   (2A) Automated segmentation of the knee cartilage on 3D-DESS images (7-tesla MRI, echo time 2.55 ms, repetition time 8.68 ms,  
acquisition matrix 320 x 320, pixel spacing 0.25 x 0.25 mm, slice thickness 0.5 mm). (2B) Three-layer representation of the segmentation 
(deep, middle, and superficial cartilage zones), (2C) cartilage thickness map.

2A 2C2B
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4   Segmentation post-editing in nudge mode – an inaccurately 
segmented region can be selected (4A) and dragged as required 
(4B), the white arrows point to the selected region. Alternatively, 
post-editing in paint mode can be used; in this example, a circular 
six-pixel diameter brush was selected (4C).

4A

4B

4C

5   A 39-year-old female 
patient after ACI 
procedure; (5A) 3D-DESS 
image (7-tesla MRI, echo 
time 2.55 ms, repetition 
time 8.23 ms, acquisi-
tion matrix 384 x 384, 
pixel spacing 0.22 x  
0.22 mm, slice thickness 
0.45 mm), arrows 
indicate the donor site 
from which the cartilage 
was harvested. (5B) 
Unedited automated 
segmentation of the 
corresponding slice;  
(5C) Edited automated 
segmentation of the 
corresponding slice 
using paint mode;  
3D rendering of an 
unedited (5D) and  
edited (5E) automated 
segmentation (donor 
site in the white circle).

5A

5B

5D

5C

5E
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be altered using a Bézier curve. An example of the editing 
mode is shown in Figure 4. Typically, post-editing is not 
necessary if high-quality DESS images are used. If low- 
resolution or low SNR images are used, editing takes  
approximately 5 to 20 minutes.

Automated cartilage segmentation  
in patients with autologous  
chondrocyte implantation
Autologous chondrocyte implantation (ACI) is a surgical 
procedure used to treat full-thickness articular cartilage  
defects of the knee [17]. It is a two-stage procedure: In the 
first stage, the surgeon harvests a small piece of articular 
cartilage from the patient’s knee from which the chondro-
cytes are enzymatically isolated. In the second stage, open 
surgery is performed in which a scaffold of a different type, 
seeded with cells that have been harvested and cultivated, 
is inserted into in the articular cartilage defect. The chon-
drocytes should induce matrix synthesis and, at best,  

produce hyaline cartilage repair tissue. The transplanted 
part of cartilage typically fills the whole lesion and hence 
does not cause any problems for automated segmentation. 
The harvested part of the cartilage in a non-weight bearing 
region leaves a full-thickness hole in the cartilage which 
gradually fills up with fibrous tissue. Segmentation of the 
cartilage subregion encompassing the donor site can be 
used to indirectly assess refilling of the cartilage defect 
over time. The software clearly identifies cartilage inter-
ruption. However, the boundaries are not accurately  
segmented. In the example shown in Figure 5, the donor 
site was covered by approximately 15 slices, hence post- 
editing took less than five minutes per case.

Automated segmentation in patients treated 
with disease-modifying osteoarthritis drugs
The key potential of automated cartilage segmentation lies 
in the evaluation of patients treated with newly developed 
chondrotherapies, which can have a direct or indirect  

6   Automated knee cartilage segmentation of cadaver knees. If the patella (long arrow) has not substantially shifted (6A), the resulting 
automated segmentation can be relatively easily edited (6B). However, if the patella has shifted several centimeters caudally (three short 
arrows), further editing is needed (6C).

6A 6B 6C

7   3D rendering of a manual (7A) and automated (7B) knee cartilage segmentation and example slices of manual (7C) and automated  
(7D) segmentation overlaid on 3D-DESS images (7-tesla MRI, echo time 2.55 ms, repetition time 8.86 ms, acquisition matrix 320 x 320,  
pixel spacing 0.25 x 0.25 mm, slice thickness 0.5 mm).

7A 7B 7C 7D
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Fully-automated cartilage segmentation Fully-automated cartilage segmentation  
with post-editing

Cartilage region Jaccard Dice Jaccard Dice

Patella 0.706 0.855 0.823 0.879

Lateral tibia 0.700 0.850 0.788 0.861

Medial tibia 0.702 0.825 0.832 0.828

Femur 0.722 0.882 0.845 0.895

All regions combined 0.710 0.834 0.822 0.866

Table 1:  A comparison of automated and manual cartilage segmentation using the Jaccard coefficient and the Dice coefficient.  
Both options, fully automated and fully automated with post-editing, are listed. Reproduced from [19].

Smallest detectable change

PATELLA

LatSup LatCent LatInf MedSup MedCent MedInf all combined

T2  
(in ms) 2.62 2.42 2.35 4.11 2.26 2.60 2.73

Volume  
(in mm3) 75.9 70.9 51.6 101.6 102.6 38.6 73.5

Thickness  
(in mm) 0.14 0.22 0.26 0.17 0.25 0.12 0.19

TIBIA

MedAnt MedCent MedPost LatAnt LatCent LatPost all combined

T2  
(in ms) 2.55 3.23 3.07 1.85 3.05 2.73 2.74

Volume  
(in mm3) 47.66 68.14 39.43 64.18 63.00 96.07 63.08

Thickness  
(in mm) 0.11 0.21 0.05 0.12 0.24 0.12 0.14

FEMUR

MedAnt MedCent MedPost TrochLat TrochMed TrochCent LatAnt LatCent LatPost all combined

T2  
(in ms) 3.28 1.92 1.89 0.81 1.67 1.56 1.53 1.96 2.47 1.90

Volume  
(in mm3) 45.81 201.04 187.04 73.93 64.20 178.29 88.72 165.68 151.05 128.42

Thickness  
(in mm) 0.18 0.20 0.21 0.09 0.12 0.09 0.21 0.22 0.18 0.16

Table 2:  Test-retest of automated cartilage segmentation and automated 3D-TESS T2 extractions from baseline scan and scan repeated  
after eight days. Reproduced from [19].
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effect on the cartilage volume. Therefore, the MR Chondral 
Health (MRCH) software was employed for MRI knee  
examinations (3-tesla) performed at baseline and at a few 
follow-up timepoints over the course of one year after 
treatment. The effect of the treatment was assessed in an 
exploratory analysis of the additive volume within the 
weight-bearing area of the medial femur [18]. The data 
generated from the MRCH software in this study was found 
to be potentially more sensitive than that obtained by the 
manual segmentation approach.

Automated cartilage segmentation  
of cadaver knees
MR Chondral Health was also tested on cadaver knees from 
six donors. Automated segmentation of such knees can  
be challenging for several reasons. First, the MRI image 
contrast differs from in-vivo knees even when the same 
MRI protocol is used because of post-mortem changes  
of the soft tissue. Second, as the patellar tendon is typically 
cut in cadaver knees, the patella slips caudally, which re-
sults in unusual knee anatomy. The example of automated 
cartilage segmentation of cadaver knees with dislocated 
patella is shown in Figure 6.

Validating segmentation
In order to evaluate the accuracy of automated knee  
cartilage segmentation, the images of thirteen patients 
with a grade I and grade II femoral cartilage defect in the 
lateral or medial condyle (six females, 50.8 ± 4.4 years and 
seven males, 50.2 ± 6.1 years) were manually segmented 
by an experienced radiologist and automatically segment-
ed using the MR Chondral Health application. To calculate 
test-retest variability, the MRI examinations were per-
formed twice: at baseline and after eight days. The  
MRI protocol consisted of 3D-DESS, 3D-TESS T2 mapping 
(triple-echo steady state) [19], and CPMG T2 mapping 
(Carr-Purcell-Meiboom-Gill, i.e. multiecho spin-echo  
sequence). Manual segmentation was performed for bulk 
femoral, patellar, and tibial lateral and medial cartilage 
rather than for all twenty-one cartilage subregions sepa-
rately, since reproducing the exact perimeters of the  
subregions defined automatically is a difficult task and 
might introduce a significant bias (Fig. 7). While testing  
for the similarity between the manual and automatic  
datasets, a mean Jaccard coefficient of 0.709 ± 0.010 and 
a mean Dice coefficient of 0.848 ± 0.025 were found  
when using the unedited data from the automated  
segmentation. When using data from the edited automat-
ed segmentation, the mean Jaccard and Dice coefficients 

increased to 0.822 ± 0.024 and 0.863 ± 0.027 respectively 
[20]. Details of the Jaccard and Dice coefficients for indi-
vidual cartilage regions are listed in Table 1. The test-retest 
variability was also expressed as the smallest detectable 
change individually for cartilage volume, thickness, and  
T2 values (listed in Table 2).

Validating the accuracy of biochemical 
image registration 
When biochemical images (such as those acquired with  
T2 mapping) are loaded into MR Chondral Health, the soft-
ware registers the images, extracts the values, and displays 
them in the final output table (Fig. 8). In order to validate 
the accuracy of the registration, it was compared with  
an algorithm developed in MATLAB (version 2019b,  
The MathWorks, Inc, Natick, MA, USA). This algorithm uses 
a multimodal co-registration method, which was applied 
using spatial mapping of fixed images (DESS) and moving 
images (T2-TESS and T2-CPMG). Affine transformation  
with 12 degrees of freedom was used. Optimizer function 
parameters were determined by a previous iterative  
process, while a similarity index map was used as a quanti-
tative co-registration quality marker (initial radius = 0.001; 
epsilon = 1.5e-4; growth factor = 1.01; and maximum  
iterations = 300). Two registering methods were compared 
across the twenty-one subregions in seven subjects using 
descriptive statistics and the Pearson correlation coefficient 
(Fig. 9). In the case of 3D-TESS T2 mapping, there was a 
high correlation between MR Chondral Health and MATLAB 
registration. However, in the case of 3D-CPMG T2 mapping, 
the correlation was substantially lower. In 3D-CPMG T2 

8   A screenshot from MR Chondral Health depicting a 3D-DESS image 
overlaid with a registered CMPG-T2 map.
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mapping, MR Chondral Health slightly misregistered the 
maps onto bone; this introduced some outliers resulting  
in T2 overestimation. MR Chondral Health allows the user 
to adjust registration manually; however, this tool is rather 
cumbersome.

Conclusion and outlook
Fully automatic tissue segmentation is an essential step  
toward applying quantitative MRI techniques in a clinical 
setting. These advances in MR imaging may contribute  
to the development and evaluation of effective therapeutic 
strategies that target early structural changes. MR  
Chondral Health provides robust and reproducible  
automated segmentation of articular knee cartilage  
images from wide range of 3D MRI sequences. Automated 
extraction of quantitative MRI values is a promising feature 
of the software, but the registration algorithm used in this 
version still requires some improvement. (According to our 
information, this issue has been resolved with MR Chondral 
Health Version 2.2, which is to be released soon).  
A remaining question still to be evaluated is the accuracy 
of automated cartilage segmentation in late-stage OA, 
which is manifested by cartilage thinning and forming  
of osteophytes.
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