
Figure 2. Example of the need for local constraints on region-based segmentation algorithms which attempt to segment the cingulum
bundle. Notice that tensor anisotropy and orientation vary across the length of the cingulum bundle.

dles. Rathiet al. [39] demonstrated modeling the entire ten-
sor distribution to capture inhomogeneity, and Malcolmet
al. [20] extended the technique to segmentation using graph
cuts. Additionally, Awateet al. [3] segmented curved �ber
bundles using Markov random �elds.

Jonassonet al. proposed two different ways to address
the segmentation of curved �ber bundles in a surface evo-
lution setting: (i) a local approach [11], where the surface
evolution speed is in�uenced by the similarity of a tensor in
comparison to its interior neighbors, and (ii) a region-based
approach, where the similarity measure is based on the no-
tion of a most representative tensor within the segmented
region [12]. In the latter case, capturing highly curved �ber
bundles will be problematic because similarity is based on a
single representative tensor. The approach proposed in this
paper is similar to the work of [11] in as much as it uses
local tensor similarities to drive the segmentation. How-
ever, Jonassonet al. use only a few adjacent pixels to deter-
mine local statistics. Our approach allows for entire local
regions of pixels both inside and outside the evolving sur-
face to compete thus making the technique more robust to
noise and initialization.

The current work is also an extension of [22] where the
authors perform segmentation of the cingulum bundle using
a greedy �ood-�ll algorithm to �nd the tensor bundle from
an initial anchor tract. In this previous work, an anatomi-
cal prior based on distance to the anchor tract was used to
prevent leaks into surrounding structures. The current work
uses a full level set segmentation framework and does not
require such an anatomical prior to prevent leaks and suc-
cessfully capture �ber bundles.

Finally, the proposed segmentation is based on that of
[16] but has been extended to segment tensors. There have
recently been other publications such as [37, 1, 19] demon-
strating similar localized statistical segmentation schemes.

These, are also able to segment on heterogeneous structures,
but have all been applied to structural MRI or natural im-
ages. This work is the �rst application of localized region
based active contours to DW-MRI data to the best of our
knowledge.

3. The Algorithm

An implicit assumption of classical region-based ap-
proaches (i.e., those which compare features across the full
interior with features from the full exterior) is that the in-
terior of the contour contains nearly homogeneous statisti-
cal features (in the sense as being able to distinguish inte-
rior and exterior statistically), such as mean intensity. Un-
der this assumption, segmentation algorithms proceed by
evolving the closed curve or surface to minimize an energy
de�ned over these global features.

However, if features are heterogeneous across the entire
interior or exterior of the object of interest, it becomes dif�-
cult to de�ne a global region-based approach which will ac-
curately segment the image. For instance, in the case of the
cingulum bundle which curves strongly, the tensors across
the bundle vary in orientation along the entire length, as
shown in Figure 2. In this sagittal view, we see that it is
dif�cult to de�ne a feature on the space of tensors which
uniquely separates the entire interior of the cingulum bun-
dle from the exterior. However, we also notice that the ten-
sor shape and anisotropy vary smoothly across the bundle.
Hence, locally along the �ber one can de�ne tensor features
which are distinguishable from the exterior. In Figure 3 we
illustrate this by examining the tensors globally as well as
within a particular local region. Notice how examining lo-
cal regions enables better statistical separation of interior
and exterior regions.

We employ the key assumption that tensors in of the in-
terior of the bundle will be statistically different from ten-
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