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and a negative Gaussian.  These seeds quickly converged 
to prominent observed profile types (Fig. 3).  The profile 
type per position on the surface was then chosen based on 
correlation of the training data with these cluster centers 
(see section 3.2).  Figure 4 shows the choice as a shade on 
the surface of the left and right kidney models.  The types 
chosen have intuitive appeal, considering general 
anatomy.  For example, on the right kidney, the profile 
type chosen to represent the boundary intensity region 
where the liver often abuts is the dark to light type.  
Where bright tissue is generally nearby (within the 
domain of the profiles), there is the notch type. 

The left and right templates were then used in m-rep 
automatic segmentations of the test images.  The test 
images had two expert manual segmentations of the left 
and right kidneys each.  To compare the continuous m-rep 
model to a binary ground truth image, one can either 
rasterize the m-rep model in order to compare binaries, or 
tessellate the boundary in the binaries and compare 
surface to surface.  We chose the latter, using Marching 
Cubes [5] to find the boundary isosurface in each binary 
image.  Volume overlap and average closest point 
distance between two surfaces were the metrics used for 
comparison. 

Segmentation using the cluster template approach 
showed an improvement in 65% of the cases when 
considering average surface distance to the experts.  The 
average increase in the volume overlap of automatic and 
expert was 1.3%.  While these numbers are not striking, 
the major improvement in using the cluster template came 
qualitatively, in the degree of automation.  In segmenting 
with a template of the Gaussian derivative profile type at 
every position, many cases required modified parameter 
settings in order to achieve the best results.  Such 
parameters include the relative weights of geometric 
typicality and image match (see section 2.1).  In contrast, 
all parameters were constant across the segmentations 
when the cluster template was used.  The result is that 
slightly improved results were obtained with significantly 
less human input.   
 

5. CONCLUSIONS AND DISCUSSION 
 
We have presented a profile clustering approach for 
training an optimal template for image match in 
deformable model segmentation.  Simplifying 
assumptions were made that assert directions for 
continuing research.  To begin, intensity profiles at 
neighboring positions on the model surface are almost 
certainly not independent as was posited (section 2.2).  
One way to address this without hindering the simplicity 
of the image match computation as it stands could be 
using multiple scales.  This would involve blurring along 
the surface (research that is ongoing).  We are also 
looking to improve the correspondence between 
nominally associated boundary positions on the m-rep 
model.  Specifically, the MDL [6] framework may be 
extended to include intensity statistics. 

An additional simplification in the image match 
model was the choice of a single cluster center per 
position.  The scores of the observed profiles at a point 
with respect to all the clusters can be turned into priors 
for a mixture model.  While this will not be optimal in the 
correlation value overall, such an approach may improve 
the generality of the template, leading to better results in 
some cases. 

More basically, we are working on characterizing the 
intensity inside an object or within nearby objects versus 
space interstitial to objects, all in an object relative 
coordinate frame. 
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Figure 4: The left and right kidney (from left to right) with 
representative cluster center as shading on the surface, viewed 
from both sides.  From darker to lighter shading the types are 
light-dark, notch, and dark-light along the profile.   
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