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Abstract. Since the advent of high angular resolution diﬀusion imaging
(HARDI) techniques in diﬀusion MRI great eﬀorts have been taken in
order to reconstruct complex white-matter structures, such as crossing,
branching and kissing ﬁbers. However, even highly sophisticated ﬁber
tracking schemes, such as probabilistic tracking, suﬀer from the data’s
poor signal-to-noise (SNR) ratio. In this paper we present a novel regularization approach for q-ball ﬁelds, exploiting structural information
within the data. We also propose a straightforward deterministic tracking
algorithm, allowing delineation of even non-dominant pathways through
crossing regions. Results from a phantom study with a biological phantom as well as a patient study, in which we reconstruct the pyramidal
tract, emphasize the method’s eﬃciency.

1

Introduction

In Magnetic Resonance Diﬀusion Imaging the diﬀusion tensor has been widely
used as a model for the diﬀusion behavior of water molecules in a voxel. Streamline ﬁber tracking approaches on the basis of diﬀusion tensor imaging (DTI) have
proven to yield good results for the reconstruction of dominant ﬁber structures
within the brain white matter. However, for the delineation of more complex
structures, such as kissing, crossing or branching ﬁbers, clinically applicable
techniques for image data acquisition and tracking are needed. Especially, for
the tracking of non-dominant ﬁber populations, such as many sections of the
optic, acoustic and pyramidal tracts, novel acquisition and processing schemes
have to be elaborated which are capable of considering multiple ﬁber orientations in a voxel. Various imaging methods have been proposed in order to
acquire a voxel’s diﬀusion proﬁle with far more than 60 gradient directions. Qball Imaging (QBI) and diﬀusion spectrum imaging (DSI) are two candidates
in this category. Unfortunately, these high angular resolution diﬀusion imaging
(HARDI) techniques have in common, that they are highly susceptible to artifacts, e.g. resulting from eddy currents or motion shift, and especially to noise.
In QBI a model-independent reconstruction of the HARDI-Signal, leading to a
diﬀusion orientation distribution function (ODF), is performed [1].
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An ODF for a voxel at a discrete position (xi , yi , zi ) in 3D space may be
imagined as a projection of diﬀusion probabilities pij onto the surface of a unit
sphere, constructed around that voxel. Each diﬀusion probability pij corresponds
to a discrete reconstruction point rj on the unit sphere surface which can be
deﬁned by inclination/declination angles (φj , υj ). For each of the reconstructed
surface points rj , its ODF value pij describes the diﬀusion probability in the
direction rj , given by the unit vector from the sphere’s center to the surface
point. Thus we can describe an ODF as a discrete functional
Ψi (rj ) = pij

(1)

Due to symmetry reasons it is enough to distribute the datapoints rj on a halfsphere: φ ∈ [0..2π], υ ∈ [0..π].
If we interpret the probability value pij as a distance parameter, describing the
datapoint’s distance from the voxel center, we can transform the sphere model
into a more complex shaped model, geometrically revealing the angular diﬀusion
proﬁle. The sharpness of this geometric representation is enhanced by normalization to the minimum to maximum interval, thus producing a min-max normalized
ODF. However, the ODF’s signal-to-noise ratio (SNR) typically is quite low, due
to the restrictions of the imaging method. Therefore, an ODF usually is locally
smoothed by applying a spherical convolution matrix. The kernel width deﬁnes the
extent of a datapoint’s neighborhood on the sphere in which samples contribute to
smoothing. Especially in low-anisotropy regions of crossing and branching ﬁbers
this approach must be applied with great care, since it may suppress important
details, e.g. signals stemming from non-dominant ﬁbers.
During the last ﬁve years a variety of authors have proposed novel HARDIbased approaches, pursuing the idea of tracing pathways through areas of low diffusion anisotropy and thus allowing tracking of non-dominant pathways through
crossing regions. Most of these techniques focus on tracking algorithms. Both,
multiple-orientation deterministic methods as well as highly sophisticated
and computationally expensive probabilistic techniques [2][3][4][5] have been
designed. Most of them could improve the results for the delineation of speciﬁc brain regions with more complex white matter populations. Nevertheless,
we are far from a general solution which would be clinically applicable.

2

Regularization of Diﬀusion MRI Datasets

In diﬀusion MRI the last decade has seen various approaches, most of them
focused on DTI regularization. They fall into three categories, namely
1. regularization of diﬀusion weighted images prior to tensor reconstruction
[6][7],
2. incorporation of a regularization scheme into the tensor estimation process
[8],
3. regularization of tensor ﬁelds [9][10].
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Most of these DTI-based approaches may not easily be transfered to HARDIbased imaging. Only a few novel techniques have been proposed for ODF regularization. Savadjiev et al. [11] model ﬁbers by chains of helical segments. They use
the notion of co-helicity in order to compute conﬁdence values of ODF-directions
of neighboring voxels. Three neighboring directions are co-helical if the direction
vectors may be regarded as tangents of a helix segment, thus yielding a high conﬁdence value for that direction. Summing up a direction’s conﬁdence values over
the local neighborhood provides an estimate of local support. An iterative relaxation technique is used to maximize average local support. The drawbacks are
computational expensiveness and the method’s high complexity. For the latter
reason parameter handling and interpretation of unwanted eﬀects is not easy.
Jonasson et al. [12] use ODF regularization prior to the segmentation of major white-matter tracts. They transfer the ODF dataset to a ﬁve-dimensional
non-Euclidean position-orientation space (POS). Within this space they use an
anisotropic diﬀusion ﬁlter with increasing number of iterations in order to produce multiple scales of resolution for the data. However, the spatial resolution
and ODF sharpness is reduced with increasing degree of regularization and therefore it remains unclear, whether the approach might successfully be used in the
framework of white-matter tractography. Descoteaux et al. [13] use spherical
harmonics for ODF reconstruction. They incorporate a Laplace-Beltrami operator into the reconstruction scheme in order to sharpen the ODF. The operator
reduces the inﬂuence of higher-order terms due to noise. The approach does not
exploit the data from the voxel’s local neighborhood, which certainly will limit
its regularization eﬀect when applied to real data. However, the method might
be combined with regularization schemes, prior or after ODF reconstruction,
such as our cone-beam regularization technique.

3

Cone-Beam ODF Regularization (CB-REG)

In signal processing noise-smoothing is a commonly used preprocessing step, necessary as a prerequisite for most signal analysis procedures. For QBI-based ﬁber
tractography approaches smoothing of the ODF data is highly recommended, especially if more complex white matter structures are to be investigated. As explained above, ODF smoothing within a voxel [1][13] may lead to better tracking
results, but by limiting the data source to the values, available within a voxel, the
eﬀect of the smoothing procedure is limited and the angular resolution is reduced.
One way out of this dilemma is the incorporation of modeling assumptions into the
smoothing procedure. E.g. Descoteaux et al. propose to transform the relatively
unsharp and noisy diﬀusion-ODF into a sharper ﬁber-ODF by deconvolution with
a diﬀusion-ODF kernel of a linear ﬁber model [14]. Another way, commonly used
in image processing, is to operate on a local neighborhood, incorporating information from neighboring voxels into the process. With these local smoothing operators care has to be taken to avoid suppression of structural information, such as
blurring of object edges. For this reason, more sophisticated smoothing approaches
use structural information to steer the smoothing process. E.g. with anisotropic
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diﬀusion ﬁltering [15] the intensity gradient magnitude is used to scale the ﬁlter
function. Thus, smoothing over diﬀerent objects is inhibited.
In the case of ODF de-noising our goal is to design a ﬁlter scheme which allows
smoothing along ﬁber trajectories only. When we reduce noise, the ODF’s shape
becomes sharper and is more aligned with the underlying ﬁber architecture.
Thus, the ODF ﬁeld is regularized. In order to avoid smoothing over anisotropic
regions with diﬀerent diﬀusion orientations, we have to use structural information, given by the ODF function. In our CB-REG approach we apply smoothing
to each datapoint pij on the ODF sphere at position (xi , yi , zi ) in 3D space. The
→
datapoint’s local neighborhood is deﬁned by its direction vector −
rj and two parameters α and l, describing opening angle and length of the cone-shaped neigh→
borhood (ﬁg. 1). The cone is centered around the direction vector −
rj (cone A).
Since the ODF is a symmetric function, a second cone B is constructed in the op→
→
posite direction −−
rj . Within each cone rays are sent along all direction vectors −
rk
α
→
−
→
−

encompassed by the cone shape: (rk , rj ) ≤ 2 . Each ray is then sampled by trilinear interpolation of ODFs at each unit step along the ray until the bottom of
the cone has been reached. From each of the ODFs, sampled along a certain ray,
only the datapoint, whose direction coincides with the ray direction is relevant.
All relevant datapoints pmk which have been sampled inside the cone are used
in order to compute a smoothed ODF value Ψ̃i (rj ) by a weighted sum. We apply
a two-dimensional Gaussian kernel G(d,
δ) to scale each datapoint’s weight according to its Euclidean distance dmi = (xm − xi )2 + (ym − yi )2 + (zm − zi )2
→
→
→
from the cone center and the angle δkj =  (−
rk , −
rj ) between its direction −
rk and
→
the direction −
rj around which the cone is centered . Thus the ﬁltered ODF value
Ψ̃i (rj ) is derived from the sampled ODF values pmk = Ψm (rk ) by:
Ψ̃i (rj ) =

1
w



G(dmi , δkj )Ψm (rk )

(2)

m∈M,k∈K

where
M : set of sampled positions within cone A and cone B
K: set of sampled ray directions within cone A and cone B
w: sum of all weights of the sampled datapoints within cone A and cone B:

w=
G(dmi , δkj )
(3)
m∈M,k∈K

and

2

G(d, δ) = e

2

− d2 − δ 2
σ

d

σ

δ

.

(4)

The parameters σd and σδ deﬁne the sharpness of the two-dimensional Gaussian
kernel. For simpliﬁcation, we deﬁne a weight ω for the farthest distance d = l
and the widest angle δ = α2 and compute σd and σ δ such, that the utmost sample
reaches a weight of ω.
In this manner we smooth only over a neighborhood of equal or similar diffusion directions, thus exploiting the structural information, given by the ODF
itself. In the next chapter we explain, how we use the regularized q-ball ﬁeld for
tractography.
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Fig. 1. Sketch of neighborhood sampling strategy used in cone-beam regularization,
illustrating cone construction and sampling for a single ODF datapoint. Around the
datapoint’s direction and opposite direction (bold arrows) two cones are constructed.
Within each cone ODFs are sampled (small circles) along direction rays by tri-linear
interpolation within the ODF ﬁeld (big circles). Only datapoints with directions along
sampling rays are accepted (small arrows).

4

Deterministic ODF-Based Fiber Tracking

White matter tractography algorithms fall into two categories, deterministic and
probabilistic. Deterministic approaches, such as streamline tracking [16] and tensor deﬂection (TEND) [17], integrate deterministic pathways using each sample’s
primary direction vector, typically derived from the diﬀusion tensor. Especially
in more complex white matter regions estimated ﬁber directions contain a great
amount of uncertainty, caused by noise, various artifacts and partial voluming. In these regions more sophisticated approaches are needed, e.g. dynamic
ﬁber tracking which places secondary seeds in order to analyze connectivity of
branching and crossing ﬁbers [18]. With techniques from probability theory various authors have tried to improve tracking results. Most probabilistic tracking
algorithms are based on an iterative Monte Carlo sampling scheme which is used
to generate multiple trajectories from a seed point [2][19][3].
Perrin et al. are among the ﬁrst to apply probabilistic ﬁber tracking to q-ball
ﬁelds [20]. They propose a particle tracing approach where a particle entering a
voxel with a certain speed and motion direction is deﬂected by a force, stemming
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from the local q-ball. The orientation of the force is chosen randomly inside a
cone, deﬁned from the incident direction. The ODF datapoints within the cone
are used to control the random process. The main drawback of their approach
is, that the reconstructed ﬁbers diverge with increasing distance from the seed
region. We have adapted their method to deterministic ﬁber tracking by substituting the random selection process. In our approach the trajectory direction
we follow, is derived from the incident direction and the sample’s ODF. We deﬁne a cone, centered around the incident direction. From the datapoints on the
sphere only those, encompassed by the cone are taken into account. We select
the tracking direction by determining the maximum ODF value within the cone.
If the cone’s maximum is less than 75 percent of the q-ball’s overall maximum,
we stop tracking, because the direction obviously does not represent anisotropic
behavior. Otherwise, the direction vector of the maximum value is used for the
next step of the integration process along the ﬁber pathway.
We use this straightforward algorithm because of its eﬃciency and its ability to
track ﬁbers through crossing regions, without being deﬂected by major pathways.
Of course, the latter can only be achieved, if the ODFs in the q-ball ﬁeld are
sharp enough and their SNR is suﬃciently high. Therefore, our deterministic
ﬁber tracking algorithm is a good choice for the evaluation of regularization
approaches.

5

Results

For evaluation of our regularization approach diﬀusion phantom data, provided
by McGill University, Toronto was used. The phantom was constructed from
excised rat spinal cord, embedded in agar in a conﬁguration designed to have
curved, straight and crossing tracts [21] (ﬁg. 2). The q-ball data was acquired on
a 1.5 Tesla Sonata MR scanner (Siemens, Erlangen) with 90 diﬀusion weighting
directions, 30 slices and an isotropic resolution of 2.8 mm.
Fig. 2 shows the generalized fractional anisotropy (GFA) values from a slice
through the phantom dataset (top left). The original ODFs are illustrated by
the zoomed ODF shape display of the crossing region (top right). In the lower
row results from ODF regularization with diﬀerent parameters are displayed. In
the left picture a cone length l of 2 voxels was used, whereas the right picture
was produced with l = 4 voxels. In both cases a cone opening angle α of 30◦ and
a ω of 0.5 were used. The results illustrate, that the regularization sharpens the
ODFs and that with increasing cone length the eﬀect becomes more obvious.
The regularized ODFs within the ﬁber crossing area clearly show the expected
bi-directional anisotropic behavior.
We also applied the tracking algorithm, described above, to the regularized
as well as the original phantom data. Fig. 3 shows the streamlines which were
generated by usage of two seedboxes. Tracking through the crossing region fails
due to partial voluming (left picture). After regularization with α = 30◦ , l = 2
voxels and ω = 0.25 the results are much better. Note, that smoothing with a relatively small voxel neighborhood is obviously suﬃcient to substantially enhance
tracking results.
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Fig. 2. Regularization impact on the shape of the ODFs in crossing area of the phantom

Fig. 3. Tracking result from phantom study with original ODFs (left) and after regularization (right)

Furthermore, we applied our method to data from a patient study, acquired
on a 3 Tesla Trio scanner (Siemens, Erlangen) with an isotropic resolution of
2.0 mm, 126 gradient directions and 56 slices. Each 10 diﬀusion measurements
were followed by a non-diﬀusion measurement, which was used to estimate the
rotation matrices of a head motion correction procedure. Furthermore, an eddy
current correction was performed.
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Fig. 4. Tracking result from pyramidal tract with original ODFs (left) and after regularization (right)

We focussed on the delineation of the pyramidal tract. Many studies have
shown, that especially near the corpus callosum tracking of pyramidal ﬁbers is
diﬃcult because of crossing callosal projections. This ﬁnding was conﬁrmed by
our tracking experiments, using non-regularized q-ball ﬁelds (ﬁg. 4). After regularization with our CB-REG approach, substantially more ﬁbers could be tracked
through the crossing region. Again we used a relatively small voxel neighborhood
for ODF de-noising: α = 30◦ , l = 2, ω = 0.5.

6

Conclusions

We have presented a new method for regularization of q-ball ﬁelds which does not
depend on highly complex modeling assumptions. We use a cone-beam strategy
with 3 parameters (cone opening angle α and length l, weight of utmost sample
ω) to sharpen the ODF’s shape and reduce noise. Our experiments show, that
tracking ﬁber pathways through crossing regions beneﬁts from the regularization
of the q-ball ﬁeld. Care has to be taken, not to overdo the regularization eﬀect,
e.g. by the deﬁnition of an arbitrarily large neighborhood. Artifacts might be
induced, constructing wrong connections. From our studies we found, that with
a neighborhood of up to two voxels and an opening angle of 25 to 35 degrees
reliable results could be achieved. Currently we elaborate our strategy by incorporating anisotropy data (GFA values) into the smoothing procedure. By this we
plan to reduce the erroneous inﬂuence of neighboring isotropic voxels on ODFs
representing regions at fascicle borders.
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