
 
 

  

Abstract— Musculoskeletal applications of MRI are 
increasing rapidly but a major challenge for researchers is 
the ability to efficiently and accurately segment structures of 
interest, such as bone, which is typically required to perform 
further quantitative analyses. Manual tracing is extremely 
time consuming and introduces problematic user variability. 
Automated segmentation is usually preferred; however, the 
accuracy and robustness of current methods still suffer from 
significant limitations. In this paper, we propose a novel 
approach for simplifying such segmentation tasks by 
optimizing MR protocols specifically for bone data 
acquisition. We present multi-contrast MR bone data 
acquired using short-TR T1W and fat suppression scans and 
demonstrate how this data can be used within an automated 
segmentation framework in order to improve accuracy of 
bone segmentation. Validation was performed on knee joint 
data with quantitative segmentation results on our multi-
contrast data showing superior performance compared to 
results obtained using conventional single-contrast data. 
Improvements in contrast to noise ratio of 39.24 and in 
sensitivity and specificity of 4.09% and 4.17%, respectively, 
for the tibia, and 4.4% and 5.74% for the femur, were 
achieved. 

 

I. INTRODUCTION 
agnetic resonance imaging (MRI) provides an 
excellent non-invasive means to study various body 

tissues. Traditionally, MRI has been used to study soft 
tissues, whereas computed tomography (CT) scanning has 
been associated with imaging of hard tissues such as 
bone. However, the use of MRI for imaging bone has 
become more commonplace amongst musculoskeletal 
researchers where multiple scans and follow-up visits 
over a study’s duration preclude the use of CT due to the 
associated ionizing radiation. A number of current 
research applications require bone to be segmented from 
MRI scans, which is often done manually. Assessing 
pathological changes in bone morphology over time or 
conducting joint motion studies [9] are some of the 
applications that would benefit greatly from more 
automated methods for segmenting bone from MRI. 
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In musculoskeletal MR imaging, cortical bone appears 
as a black layer surrounding the trabecular structure due 
to the absence of Hydrogen nuclei in cortical bone. What 
is perceived as bone tissue in the image data is in fact the 
marrow fat within the trabecular bone and this is what we 
attempt to segment and analyze. However, in long bones, 
the cortical bone thins out considerably closer to the joints 
and, depending on the imaging parameters, noise, bias 
fields and the partial volume effect, boundaries between 
the trabecular bone and other tissues, such as cartilage, 
may become blurred. This could lead to the segmentation 
of the bone leaking into the other tissues. In some cases, 
such as the patella, at many stages, a small layer of non 
fat tissue separates the patella’s marrow fat from 
subcutaneous fat. This leak could make the bone 
segmentation grow into the region of subcutaneous fat, 
leading to large errors in segmentation. Such problems 
occur in varying degrees in all MR modes of contrast (i.e. 
T1W, T2W etc.). No one set of parameters provides a 
clear delineation of the bone-soft tissue interface. As a 
result, simple intensity based segmentation methods such 
as thresholding (which typically work well in CT scans) 
perform unsatisfactorily.  

Various methods for automated MR bone segmentation 
have been reported; some of them are as follows: Lorigo 
et al [2] used texture-based geodesic active contours to 
perform segmentation, however setting the segmentation 
parameters for the entire bone without leaking into the 
cartilage was very difficult. Fripp et al [1] used three-
dimensional active shape models initialized by affine 
registration to an atlas and achieved very good 
segmentation. However, they did have problems 
segmenting the patella in some cases and in some cases 
the results were sensitive to initialization. Pettersson, 
Knutsson et al [3], use local phase information in order to 
register a template hip to the image in order to perform 
registration but they used the method on CT data and 
presented no quantitative results. Bourgeat et al [4] used 
phase information of the raw MR image data in addition 
to the magnitude (intensity) image information in order to 
improve segmentation of the bones of the knee, however 
reported results were not very accurate and the final 
outputs need to be refined. 

This paper proposes a novel approach to MR bone 
imaging and segmentation where multi-contrast data is 
acquired with scanner parameters optimized to achieve 
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clearer separation of bone from surrounding cartilage and 
muscle. The proposed imaging significantly improves the 
accuracy and robustness of subsequent bone 
segmentation. Multi-contrast MR bone data is acquired 
using short-TR T1W and fat suppression scans and then 
used within an automated segmentation framework. 
Validation results demonstrate significant improvement 
over results obtained using conventional single-contrast 
bone data. 

II. METHODS 

A. Multi-Contrast MR Imaging  
In MR Imaging, cortical bone shows up as a black layer 
surrounding the inner trabecular bone, however, it thins 
out as it approaches the joint. Trabecular bone is visible 
due to the marrow fat it contains which is what 
musculoskeletal MR researchers typically use to localize 
and segment the bone. Gold et al [5] tabulated the T1 and 
T2 times for various musculoskeletal tissues for 1.5T and 
3T scanners. The results showed that, in a standard spin 
echo sequence, the fat signal intensity peaks and saturates 
very rapidly while the signal intensity of other tissues 
(such as cartilage and muscle) rises at a slower pace. 
Here, we used a T1W scan with a very short TR time as 
an effective means of highlighting the bone. Moreover, 
since what is seen in the bone is the marrow fat, 
subtracting a fat suppressed scan from the T1W scan will 
result in a difference image containing only fat. The two 
effects combined will greatly highlight the bone, in the 
difference image, from its surrounding tissue (especially 
cartilage), which may otherwise cause leakage and 
inaccuracy in segmentation.  

B. Data Acquisition and Preprocessing 
We used a Philips Achieva 3T scanner with a quadrature 
knee coil to acquire sagittal images of the knee from 2 
healthy volunteers. In each case, a conventional single-
contrast, high resolution T1W scan was acquired (TR = 
700 ms, scan time = 652 s, resolution = 512¥512¥46). For 
the proposed multi-contrast method, two medium 
resolution scans (336¥336¥50) were acquired for both 
volunteers; the first a T1W scan (TR = 180 ms, scan time 
= 365 s) and the second a fat suppressed scan (TR = 
11.291 ms, time = 252 s). 

The acquired data was preprocessed next where image 
non-uniformity was corrected using N3 [6] and noise was 
reduced using curvature anisotropic diffusion filtering 
which is an edge preserving smoothing filer that 
minimizes loss of edge information due to smoothing by 
diffusing the image data along edges but not across edges 
[7]. Rigid registration was performed on the volumes to 
correct for possible movement that may have occurred 
during imaging.  

C. Bone Segmentation  
In this step, for the multi-contrast case, the difference 
image was calculated. Then, the edge map of the 
preprocessed image in the single-contrast case and of the 
difference image in the proposed multi-contrast case, was 
obtained using a Canny filter, and used to set the edge 
pixels in the image to an intensity of zero. This helped 
segmentation, which was achieved through a two step 
process: 1) region growing to initialize segmentation and 
2) fine-tuning that uses level set segmentation.  

For step one, thresholding with a reasonable choice of a 
hard threshold was used to divide the image into two 
classes: a high-intensity cluster, which contains the bone 
and fat, and a low-intensity cluster, which mainly 
contained remaining tissues such as the muscle 
surrounding the bone and background. The class 
containing the bone was morphologically eroded to 
ensure under-segmentation at this stage. A single seed 
point was then manually specified in the central slice of 
the volume around which region growing in all 3 
dimensions was performed in order to get the initial 
(under-segmented) estimate.  

Then for the second step of the segmentation, the 
under-segmented initial estimate of the bone was refined 
using a Laplacian level set segmentation [8, 10]. 

D. Data Analysis 
The femur, tibia and patella of the scanned knee were 
segmented for the multi-contrast case and the higher 
resolution single-contrast case with the methods described 
above. For validation purposes, the same data sets were 
manually segmented by an expert and used as gold 
standards for quantitative and qualitative comparison on 
the basis of sensitivity and specificity achieved in each 
case.  

We defined sensitivity to be percentage of pixels that 
are part of the bone but not recognized as such and 
specificity to be percentage of pixels that are not part of 
the bone but are recognized as such, i.e., Sensitivity = 
TP/(TP+FN), where TP=True Positives; FN=False 
Negatives and Specificity = TN/(FP+TN), where 
TN=True Negatives; FP=False Positives 

III. RESULTS AND DISCUSSIONS 
 

Quantitative results for the increase in contrast to noise 
ratio (CNR) for cartilage-bone are summarized in Table I 
and for the segmentation in Table II and show significant 
improvements in the CNR and the segmentation 
sensitivity and specificity for the proposed multi-contrast 
approach for the femur and tibia segmentation. In the case 
of the patella, the single-contrast based segmentation 
leaks badly into the surrounding tissue leading to a very 
poor specificity. This leakage is most likely what 
contributes to the slightly better sensitivity of the single-
contrast segmentation result in that case. 
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Figures 1 and 2 illustrate visual example data and 
corresponding segmentation results. In the single-contrast 
segmentation method, a number of areas where can be 
seen where the segmentation erroneously leaks into areas 
surrounding the bone. This is most apparent in the case of 
the patella and can easily be seen in Figure 1-e. In 
contrast, our proposed method, which employs the fat 
suppression scan, easily separates the bone from other 
tissue (cartilage and muscle). The subtraction also has the 
effect of highlighting the often thin boundary between 
marrow and subcutaneous fat, preventing a source of 
potential leakage.  

 
 

In the proposed method the T1 weighted image 
highlights the bone and the fat suppression scan 
suppresses it. Thus, the difference image gives bone 
which is very cleanly separated from the cartilage and 

 muscle. This gives the proposed method a robustness that 
the single-contrast method may not have and this is borne 
out by the results. 

IV. CONCLUSIONS  
In this paper, we presented a novel method for enhanced 
musculoskeletal imaging and segmentation based on 
optimized multi-contrast MR acquisition. We also 
demonstrated how such data can be used to achieve 
increased accuracy in the segmentation of bone images 
compared to conventional single-contrast approaches.  

It is important to note that the image used for 
segmentation in the single-contrast case was of a higher 
resolution (512¥512¥46), and that its acquisition time was 
more than that of the two scans (336¥336¥50) needed for 
the proposed method. Thus, the fact that the multi-
contrast image segmentation does better implies that we 
effectively save on time and improve segmentation 
results. The method performs very well when compared 
to the gold standard (manual segmentation), giving high 
sensitivity (up to 97.05%) and specificity (up to 98.79%) 
and takes about 30 minutes to segment the 336¥336¥50 
volume. 

Overall, we have shown that multi-contrast image 
based segmentation can be practically used by 
musculoskeletal researchers interested in efficiently, and 
quickly, segmenting bone from MRI images. Future 
application to cartilage segmentation has the potential to 
have far-reaching implications in the field of 
musculoskeletal research. 

 
 

   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 1. Example single-contrast data and corresponding segmentation results. Arrows point to the areas where the segmentation leaks. (a) Femur. (b) Patella. 
(c) Tibia leaking at the bottom due to a small piece of subcutaneous fat. Note that, difference imaging apart, the segmentation method used in both the single 
and multi-contrast cases is the same. 

TABLE II 
MEAN SEGMENTATION PERFORMANCE OF THE FEMUR, TIBIA AND PATELLA 

IN THE STANDARD SINGLE-CONTRAST AND MULTI-CONTRAST APPROACH. 

 
Sensitivity 

Single  
Sensitivity 

Multi  
Specificity 

Single  
Specificity 

Multi  

Femur 92.96 97.05 94.62 98.79 
Tibia 92.55 96.95 92.59 98.33 

Patella 95.16 92.69 86.55 94.82 

TABLE I 
CARTILAGE-BONE CONTRAST TO NOISE RATIO (CNR) IN THE 

STANDARD SINGLE-CONTRAST AND MULTI-CONTRAST APPROACH. 
 Single Contrast Multi Contrast 

CNR 45.3632 84.5992 
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(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Fig. 2. Example data and segmentation results obtained with the proposed multi-contrast MR approach. (a) T1W image with the TR = 180 ms. Note the 
higher contrast between bone and cartilage (arrow) as compared to Fig. 1-a. (b) The same slice shown in (a) as it appears in the fat suppressed image. (c) The 
difference image of (a) and (b). (d,e,f) Various slices from the difference image in (c). (g,h,i) Segmentation results for the femur, patella and tibia in (d,e,f), 
respectively. 
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