
Towards User-Independent DTI Quantification

Jan Kleina, Hannes Stukea, Jan Rexiliusa, Bram Stieltjesb,
Horst K. Hahna, and Heinz-Otto Peitgena

aMeVis Research, Center for Medical Image Computing, Bremen, Germany
bGerman Cancer Research Center, Department of Radiology, Heidelberg, Germany

ABSTRACT

Quantification of diffusion tensor imaging (DTI) parameters has become an important role in the neuroimaging,
neurosurgical, and neurological community as a method to identify major white matter tracts afflicted by pathol-
ogy or tracts at risk for a given surgical approach. We introduce a novel framework for a reliable and robust
quantification of DTI parameters, which overcomes problems of existing techniques introduced by necessary user
inputs. In a first step, a hybrid clustering method is proposed that allows for extracting specific fiber bundles
in a robust way. Compared to previous methods, our approach considers only local proximities of fibers and is
insensitive to their global geometry. This is very useful in cases where a fiber tracking of the whole brain is not
available. Our technique determines the overall number of clusters iteratively using a eigenvalue thresholding
technique to detect disjoint clusters of independent fiber bundles. Afterwards, possible finer substructures based
on an eigenvalue regression are determined within each bundle. In a second step, a quantification of DTI pa-
rameters of the extracted bundle is performed. We propose a method that automatically determines a 3D image
where the voxel values encode the minimum distance to a reconstructed fiber. This image allows for calculating
a 3D mask where each voxel within the mask corresponds to a voxel that lies in an isosurface around the fibers.
The mask is used for an automatic classification between tissue classes (fiber, background, and partial volume)
so that the quantification can be performed on one or more of such classes. This can be done per slice or a single
DTI parameter can be determined for the whole volume which is covered by the isosurface. Our experimental
tests confirm that major white matter fiber tracts may be robustly determined and can be quantified automati-
cally. A great advantage of our framework is its easy integration into existing quantification applications so that
uncertainties can be reduced, and higher intrarater- as well as interrater reliabilities can be achieved.
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1. INTRODUCTION

The possibility of quantifying diffusion tensor imaging (DTI) parameters has established a whole range of new
clinically useful applications and research studies. For example, color-coded maps of parameters like fractional
anisotropy (FA) computed from DTI data were successfully employed in several studies, where it has been shown
that modified values of FA, relative anisotropy, or diffusion strength are an indicator of diseases affecting white
matter tissue.1–3

1.1 DTI Quantification

A pointwise assessment of DTI parameters was proposed along a single streamline combined with a visualization
of uncertainties by Jones at al.4 Other quantification algorithms1–3 use a manual definition of one or more ROIs,
which cover a certain fiber bundle at some slices of the image data. Within such ROIs, an average parameter can
be computed from several single values. Schlueter et al. extended standard ROI-based techniques by considering
partial volume effects so that fibrous and non-fibrous tissue can be classified.5 Recently, Niethammer et al. have
shown how to define fiber bundles implicitly and how to compute their parameters as integrals.6

However, it is often desirable to determine the parameters along a whole fiber bundle so that several ROIs
have to be drawn manually via a multi-planar reconstruction. Because this process is very time-consuming and
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Figure 1. Left: algorithmic idea of our novel hybrid fiber clustering method. From an affinity matrix that has been
computed by a fiber grid (step 1), eigenvalues are computed using a singular value decomposition (step 2). Afterwards,
the number of coarse cluster is determined by Eigenvalue thresholding (step 3) and spectral fiber clustering is performed
(step 4). Then, the number of finer structures within each cluster is computed by Eigenvalue regression (step 5). Finally,
spectral clustering is done on each coarse cluster (step 6). Right: corresponding MeVisLab network. The associated
algorithms are encapsulated as modules. The connections represent the data flow.

error-prone, a semi-automatic algorithm, where ROIs are placed on axial, sagittal, or coronal slices between
two predefined ROIs automatically, has been proposed by Aoki et al.7 Other techniques are not limited to
the alignment of ROIs or VOIs used for the local assessment and computation of parameters. Fillard et al.8

compute an average DTI parameter from several single values that all have the same geodesic distance from a
user-defined origin. An automatic quantification of DTI-parameters along fiber bundles has been proposed by
Klein et al.,9 where the parameters are computed depending on the local curvature. However, partial volume
effects are considered only to a limited extend.

Especially for comparisons between individuals it is necessary to determine the parameters in a very robust
and reliable way. Therefore, O’Donnell et al. propose a method for automatic generation of white matter tract
arc length parameterizations, based on learning a fiber bundle model from tractography from multiple subjects.10

They make use of a fiber clustering algorithm to group anatomically similar or related fibers into bundles.

1.2 Fiber Clustering

Fiber clustering algorithms11–21 allow for extracting specific bundles of interest that can be used for quantifi-
cation. Although this seems to be the ideal basis for reducing undesirable bias introduced by the user in the
quantification process, there are still some problems. Most clustering techniques like hierarchical clustering, par-
titioning clustering, elongated clustering, or self-organizing maps require a predefined number of clusters, which
has to be set by the user. Because this can be a difficult task, an implausible number could be utilized, which
does not correspond to an anatomically meaningful separation of the fiber bundles. Thus, fibers corresponding
to a certain fiber bundle could be separated into two or more different clusters. Figure 5 i illustrates the problem.

As a consequence, spectral clustering algorithms have been developed, which allow to determine the number
of clusters automatically.13,16,20 Unfortunately, the results may be user-dependent, if the clustering is not
performed on all available fibers. That means, e.g., a large bundle, which has been divided into a fixed number
of clusters, may be differently clustered if adding an anatomically different bundle to the set (Figure 5 ii).
Obviously, this behavior, which mainly results from the automatic detection of the number of clusters, is not
desired.



Figure 2. The eigenvalue regression is powerful tool for detecting the number of finer substructures within fiber sets.
However, it may not always be a robust tool for computing the number of clusters automatically. In the illustrated
example, only a single fiber is appended to a given fiber set, but the number of clusters increases by two. This is due to
the fact that the method is based on geometrically affinities, but not on meaningful anatomical relations.

A framework for a reproducible fiber bundle selection, has been proposed by Blaas et al.22 However, manual
user interaction is still necessary. Algorithms using the underlying tensor field for clustering23 may have a high
running time, which is not desirable in clinical applications.

1.3 Contributions

We introduce a novel hybrid clustering technique that determines the number of clusters iteratively. In a first
step, only coarse clusters are computed from which afterwards finer structures are extracted. An algorithmic
overview is given in Figure 1. After extracting a specific fiber bundle, we determine the parameters of interest
by a quantification method that has been introduced by Schlueter et al.5 We had to extend this method as it
was only designed to determine DTI parameters within a single user-defined ROI and not along a predefined
fiber bundle. The rest of this paper is organized as follows: in Section 2 we introduce how to extract a specific
fiber bundle and how to automatically quantify DTI parameters by considering partial volume effects. Section 3
summarizes the results and gives a comparison of our new hybrid clustering technique with spectral algorithms.
The last section concludes our work and gives some ideas for future work.

2. METHODS

2.1 Fiber Bundle Extraction

Using a deflection-based fiber tracking algorithm,24 fiber bundles can be reconstructed from DTI data. After-
wards, an affinity matrix representing the similarity of each pair of fibers is computed by a fiber grid.20 As it has
been shown, the eigenvalue regression technique may be useful for computing finer substructures within larger
fiber bundles.20 However, this technique is sensitive to disjoint clusters, so that it may not always be used for
computing an anatomically meaningful number of clusters. This sensitivity is due to the fact that the number
of eigenvalues of the affinity matrix and, thus, of the number of clusters can change (Figure 2).

To overcome this problem and to decrease the influence of independent fiber bundles that do not influence the
local clustering if they do not introduce new local geometrical information, disjoint clusters are determined in a
first step (Figure 1). From graph theory it is well-known that clusters in graphs correspond to large eigenvalues
of the affinity matrix. There, clusters with eigenvalues close to one are very different among each other. As
a consequence, the isolation of such clusters can easily be achieved by a simple thresholding of the eigenvalues
where the number k1 of clusters is computed by the number of eigenvalues, which are larger than a certain
threshold t:

k1 := {#ei|ei > t ∀i ∈ {1, ..., n}} (1)

where ei denotes the i-largest eigenvalue and n the number of all fibers. As an alternative, an eigengap detector
has been implemented where the largest gap between two consecutive eigenvalues defines the number of clusters:

k1 := argi∈{1,...,n−1}{ei − ei+1}. (2)



Figure 3. An isosurface with a predefined distance to the selected fibers is used to determine a 3D mask image. This
image is used instead of manually defined ROIs for the classification algorithm. In the two figures on the right, the mask
is shown as an overlay on a FA map as well as on a color-coded DTI map corresponding to the fiber bundle shown on the
left.

Using this number, spectral fiber clustering13,16,20 can be applied to the fiber set. Finally, for each cluster,
its own number of finer structures is defined by an Eigenvalue regression, i.e., all eigenvalues e′i of each cluster
are computed and are split into two subsets so that for each set the regression lines have minimal distance to
the eigenvalues e′i. For that purpose, a submatrix is computed from the original affinity matrix so that the time
for computing the eigenvalues e′i is reduced.

2.2 DTI Quantification

Single bundles, which are extracted by the technique described above, may be quantified by averaging the
parameters of interest along the mean curvature of the bundle.9 However, partial volume effects are not modeled
by this approach, and areas where no fibers have been tract are not taken into account. Therefore, we developed
a method based on an algorithm that was previously used for the quantitative analysis of DTI parameters within
single user-defined ROIs.5 Within such an ROI, a probabilistic mixture model is assumed including the pure
tissue classes, fiber and background, as well as a mixture class modeling partial volume artifacts.

To perform an automatic quantification using this method, we propose several extensions. In a first step,
the reconstructed fibers are voxelized into an isotropic grid, on which a Euclidean distance transformation is
applied. This yields a 3D image where each voxels value encodes the minimum distance to a reconstructed fiber.
Afterwards, an isosurface is determined from this image with a predefined distance to the fibers. Finally, the
isosurface is voxelized and voxels within the surface are filled. This 3D mask image can then be used instead of
the user-defined ROIs as illustrated in Figure 3. Note that the classification algorithm5 requires a mask, where
fiber, partial volume, as well as background are included in order to compute a correct result. This explains the
fact that we compute an isosurface with a certain margin around the fibers. The result is very stable for a broad
spectrum of values for the margin, see Figure 4. However, if the size of the margin is chosen much too large, the
classification algorithm will fail as shown in Figure 7.

The classification and quantification of the tissue classes (fiber, background and mixture) can be performed
per slice using the precomputed 3D mask. In this case, the user only has to slice through the image data and
may view the resulting quantification parameters (Figure 4). As an alternative, a single DTI parameter may be
determined for the whole volume which is covered by the isosurface.

3. RESULTS

We have implemented all algorithms in C++ on top of MeVisLab.25 An excerpt of the corresponding MeVisLab
network encapsulating the automatic extraction of fiber bundles is shown in Figure 1 (right).

In our experiments we would like to test, if geometrically and anatomically independent fiber bundles are
reproducible clustered if the initial fiber set for clustering is changed, i.e., if other bundles are added or deleted
from the fiber set. Using a deflection-based fiber tracking algorithm,24 major white matter fiber tracts of a



Figure 4. Left: an isosurface with a predefined distance to the fibers can be used to define a 3D mask used for the
classification process. Three different tissue classes (fiber=yellow, background=cyan, partial volume=blue) are computed
using a probabilistic mixture model. The fractional anisotropy (FA) values shown in this example are measured only for
pure fiber tissue. Right: the plot shows that if increasing the margin around the fibers, the resulting quantification only
slightly changes. The increase seems to be linear and is only 1.5 percent if increasing the margin from 1.5mm to 10mm.

human brain are determined using single seed regions. This procedure results in separate fiber bundles and it
allows for defining several configurations with different bundles. That means, we are able to select some specific
fiber sets and treat them all as a single fiber set used for our clustering algorithm. As a consequence, we can
create several such fiber sets that consist of different constellations with respect to the original whole brain fiber
tracking.

In the following step, our hybrid clustering technique can be applied to each set. Our measurements show that
independent of the current selection, the originally indented fiber bundles are determined correctly (Figure 6).
In contrast, if skipping step 4 and step 5 (Figure1), different clustering results are achieved depending on the
current selection of the fiber bundles (Figure 5). In most cases, our experimental results show that the simple
eigenvalue thresholding technique (t := 0.92) is superior to the eigengap detector, where different subclusters are
determined depending on the initial selection.

In a second experiment, a certain fiber bundle with adjacent fibers is determined by defining seed ROIs that
exceed the actual fiber bundle. Our results confirm that the bundle of interest can only be correctly extracted
from the other fibers with our hybrid clustering.

Finally, we perform an automatic quantification of DTI parameters such as the FA value along the extracted
bundle. This process is repeated for different initial fiber sets and different seed regions, respectively. A high
intrarater-reliability r > 0.96 can be achieved.

4. CONCLUSIONS AND FUTURE WORK

Previous quantification algorithms depend on user-defined ROIs, need extensive manual adjustments or are only
able to quantify parameters without considering the corresponding fiber bundles which can be obtained by fiber
tracking. More sophisticated techniques are sensitive to the selection of user-defined ROIs needed for seeding
the fiber tracts or for computing average parameters.

Our novel approach may be used for reproducible and robust quantification of DTI parameters along fiber
bundles. We have proposed a fiber clustering method that constitutes the basis for user-independent quantifi-
cation tasks. The quantification is based on a classification algorithm that takes into account partial volume
effects. As a consequence, the quantification process can be enhanced and uncertainties can be reduced.

We are aware of the fact that, similar to approaches where the underlying tensor field is used for the actual
clustering step, we cannot guarantee a user-independent quantification process under all circumstances, as for the
clustering process only geometric affinity measures are used without knowledge about the underlying anatomy.



Figure 5. The figure illustrates problems with defining the number of clusters. In this example, we used a standard
spectral clustering algorithm. (i) The number of clusters is set to three for different fiber sets. Only for the first fiber
set, the clustering leads to anatomically meaningful bundles (pyramidal tract, SLF, and part of the corpus callosum). (ii)
Clusters are automatically detected by spectral clustering based on eigenvalue regression. Note that if removing some
fibers of the original fiber set, bundles are differently clustered. This is obviously not desired. Fibers are grouped into
anatomically meaningful bundles only for the second fiber set, where the pyramidal tract and the superior longitudinal
fasciculus (SLF) are separated into single bundles.

For the future, the integration of anatomical information would be a very interesting approach. Nevertheless,
several experiments have shown that our new approach is already a powerful tool for grouping white matter con-
nections tracked in DTI images into anatomically meaningful bundles and, thus, allows for a robust quantification
process.
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Figure 6. Hybrid fiber clustering (new method). Independent of the original fiber set, our hybrid clustering leads to
anatomically meaningful bundles. Thus, specific bundles may be reliable extracted and quantified.

Figure 7. Left: plausible result based on a small margin around the bundle. Right: Large margin leads to incorrect
results. In this case, the classification algorithm is not able to distinguish between pure fiber tissue, background, and
partial volume.


