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Fig. 2. Location priors for each possible ordering - Each column shows the
spatial prior obtained for one particular ordering. Priors corresponding to the optimal
ordering are shown in the third column.

Fig. 3. Examples of automatic segmentations - From left to right: segmentation
without prior and with manual initialization, automatic segmentation of the same
image, and three different results obtained with the “optimal” ordering.

structures, the number of possible orderings is 6. We have tested our algorithm
for each possible choice. Figure 1 shows the sequence that maximizes the overall
Dice coefficient between the obtained segmentations and the manual ones for the
whole training set. Figure 2 shows the location maps estimated for each ordering.
Once the optimal ordering known, we can validate the approach using a
leave-one-out strategy on the 13 available images. A few results are presented in
Figure 3. As quantitative validation, we computed the Dice coefficient for each
of the 52 automatically computed segmentation, giving an average above 0.8.

6 Conclusion

We have presented a novel image segmentation framework that learns the or-
dered spatial dependency among structures to be segmented and applies it in a
hierarchical manner to both provide automatic initializations and improve each
individual segmentation algorithm’s performance. We demonstrated the efficacy
of the proposed framework by applying it to the MR brain image segmentation
with level set algorithm as its segmentation algorithm. Future work includes ap-
plying this framework to more applications with more types of segmentation al-
gorithms. We believe that the paradigm of “boosting” segmentation performance
by combining existing segmentation algorithms into a systematic framework is
a promising research direction and the work presented in this paper is one step
along this direction.
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