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Fig. 1. Influence of the input model on the labeling of 2 axial slices.

Fig. 3. Correct labeling of the ventricles from DTI.

HARDI differentiated gray matter from complex, anisotropic
and even very anisotropic white matter, but could not clearly
label the CSF where ODFs are intrinsically 2D, they have
great angular resolution but lack the amplitude information
of DTI (see center panel, Fig. 3).

4. CONCLUDING REMARKS

We presented a stratification learning method to study the
non-uniform complexity of HARDI datasets. We labeled
known neuro-anatomical areas by examining the complexity
of the point clouds obtained from a set of Orientational Dis-
tribution Functions. Considering such high-dimensional data
as belonging to a union of manifolds is a natural and powerful
way to understand cerebral white matter connectivity.
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