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Abstract. Despite the development of different tractography schemes
for reconstruction of fibre pathways, a comprehensive methodology that
is capable of providing reliable uncertainty measures of the reconstructed
tracts while exploring complex subvoxel fibre geometries, such as fanning,
is still missing. In this article, we propose a probabilistic approach based
on the residual bootstrap statistical technique, applied with detailed sub-
voxel geometry information obtained using a curve inference technique.
We argue that the proposed framework can better represent the uncer-
tainty due to noise in the fibre direction than the techniques that do not
explicitly handle subvoxel fanning. This in turn leads to improvement
in fibre tractography performance. We validate the performance of the
algorithm with tractography in the human brain.
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1 Introduction

Diffusion magnetic resonance imaging (DMRI) is the first noninvasive method
capable of exploring neural connectivity and reconstructing white matter fibre
structure in vivo. DMRI is able to probe white matter fibre orientation because
water diffusion is anisotropic in brain white matter, leading to greater displace-
ment of water molecules parallel to white matter fibre tracts. This character-
istic can be used to reconstruct connectivity patterns between different corti-
cal/subcortical areas of the brain. To do so, the first step in DMRI tractography
is to estimate the diffusion probability distribution function (pdf) describing the
anisotropic diffusion of water molecules in brain white matter. Several techniques
have been developed to compute the diffusion pdf, ranging from diffusion tensor
imaging (DTI) [1] which is a low angular resolution technique, to high angu-
lar resolution diffusion imaging (HARDI) techniques, such as diffusion spectrum
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imaging (DSI) [2] and q-ball imaging (QBI) [3]. While DTI is the first successful
technique in modeling the diffusion pdf, it fails to extract the true fibre struc-
ture within a voxel containing a crossing, branching or merging configuration
of fibres due to its underlying assumption of a single anisotropic Gaussian pdf.
Using the latter HARDI techniques, a diffusion orientation distribution function
(ODF) can be obtained, which has the potential to model multiple fibre orienta-
tions within a voxel. More recent techniques have been developed for calculation
of the fibre orientation distribution (FOD) [4, 5], which is the diffusion ODF
deconvolved with a single fibre response function.

Regardless of the method used for the computation of diffusion ODFs or
FODs, there are always uncertainties associated with the obtained fibre orienta-
tions. These uncertainties, which can be due either to acquisition noise or model
deficiencies, should be incorporated in further processing, such as tractography,
in order to represent the confidence in the reconstructed fibre pathways. To ad-
dress this issue, there has been a wide body of research dedicated to probabilis-
tic tractography. These probabilistic methods can be divided into two groups:
those which model noise parameters by some probability distribution [6, 7] and
bootstrap based methods which capture the uncertainty in the data by random
selection from a set of different measurements [8, 9]. Probabilistic methods be-
longing to the first group essentially rely on an underlying noise model and prior
distribution, and this may not always describe the actual uncertainties accu-
rately. On the other hand, while traditional bootstrap methods can provide a
nonparametric estimation of diffusion uncertainty, the need for multiple data
acquisitions hinders any practical application of them to HARDI based tech-
niques. A more practical alternative to the standard bootstrap method has been
recently proposed, in the context of q-ball imaging, by Berman et al. [8], which
requires only a single HARDI measurement.

It can be claimed that FODs obtained from HARDI measurements, combined
with a bootstrap probabilistic approach, can characterize uncertainties in the
fibre orientation to a good extent. Despite the significant improvement which
can be expected using this technique, there still exist ambiguities in the subvoxel
fibre structure which cannot be resolved by FODs [10]. An example of such failure
is the discrimination between a fanning and curving fibre tract. In a recent work
done by Savadjiev et al. [10], this issue has been addressed by implementing a
3D curve inference algorithm which assigns different labels to such ambiguous
configurations. Improvement is shown in tractography using the curve inference
labeling information, which differentiates among single, fanning and crossing
fibre configurations.

We believe that FODs that have been postprocessed in a bootstrap proba-
bilistic curve inference labeling framework would provide a better representation
of fibre orientation and would certainly result in a more reliable reconstruction
of connectivity patterns. In this paper, we combine bootstrap analysis of the
FOD with the curve inference algorithm, in order to obtain uncertainties associ-
ated with the complex fibre configurations, including fanning. We then perform
DMRI tractography using this entire pipeline, which allows us to define a confi-
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dence value for each reconstructed tract. The results obtained validate our claim
by showing improvement over other tractography methods that do not quantify
uncertainty and/or take into account all possible subvoxel geometries.

2 Methods

2.1 Acquisition

MRI data were acquired for one healthy subject on a Siemens 3T Trio MR scan-
ner (Siemens Medical Systems, Erlangen, Germany) using an 8-channel phased-
array head coil. Diffusion encoding was achieved using a single-shot spin-echo
echo planar sequence with twice-refocused balanced diffusion encoding gradi-
ents. A dataset designed for high angular resolution reconstruction was acquired
with 99 diffusion encoding directions, 2mm isotropic voxel size, 63 slices, b=3000
s/mm2, TE=121ms, TR=11.1s, and GRAPPA parallel reconstruction. A 1mm
isotropic resolution T1 weighted anatomical scan was also acquired (TR=9.7ms,
TE=4ms, α=12◦).

2.2 Probabilistic deconvolution

The diffusion weighted signal profiles were fitted to a spherical harmonic (SH) ba-
sis of order eight. Multiple (in this experiment, 100 iterations) diffusion weighted
signal profiles were generated using the residual bootstrap, similar to approaches
described previously for probabilistic q-ball imaging [8, 11]: For each iteration,
the residuals from the SH fit of the original diffusion weighted signal profiles were
added at random without replacement to the SH profile to generate a new diffu-
sion weighted signal profile reflecting the noise characteristics of the acquisition.
For each iteration, the new signal profile was input to a spherical deconvolution
algorithm (an implementation of the approach of Anderson [4]). The deconvolved
ODFs were used as input to a curve inference algorithm (an implementation of
the approach of Savadjiev et al. [10]), which is described in the next section. The
curve inference process labels the subvoxel fibre configuration for each iteration
as either fanning, single, or multiple (i.e., crossing) curves, and gives the polarity
of the fanning in the former case.

2.3 Curve inference algorithm: labeling of subvoxel fibre

configurations

The 3D curve inference algorithm, developed by Savadjiev et al. [10,12], exploits
local differential geometry of 3D curves to infer the likely local curves modeled as
helices. A co-helicity measure is defined to compute the degree of compatibility
among triplets of orientations. Here, the curve inference algorithm is provided
with FODs obtained from the deconvolution scheme described above. The inher-
ent estimates of torsion and curvature, computed as part of the curve inference
algorithm, are incorporated into a labeling framework in order to discriminate
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between complex intravoxel fibre structures. Specifically, this algorithm allows
for detection and description of subvoxel fanning. In this paper, curve infer-

ence labeling refers to this process of identifying voxels as containing fibres in
one of several geometries including fanning. The following section describes how
uncertainties are assigned to fanning fibres and other structures.

2.4 Probabilistic curve inference labeling

For each voxel in the diffusion MRI volume, the goal is to compute the confi-
dence value of having fibres in a single, fanning or crossing fibre configuration,
together with the corresponding cone of uncertainty around each fibre direc-
tion. To achieve this, as mentioned in section 2.3, the FOD computed at each
iteration of the residual bootstrap algorithm is input to the curve inference la-
beling scheme. The outputs of the curve inference labeling algorithm are the
labels assigned to each voxel and the corresponding fibre directions. In the cases
of single or crossing fibres, these fibre directions are the FOD maxima. In the
case of fanning, the output is two vectors representing the fanning extent, and
a third vector representing its polarity. From the two fan delineating vectors, a
2D planar fan with a fan-shaped “cone” of uncertainty can be constructed, as
described below. In this implementation, only crossings of up to three fibres are
considered, as four way crossings were not detected with the angular and spatial
resolution employed in the study. The vectors obtained from all iterations are
matched and used to obtain mean vectors and standard deviations σθ for these
vector orientations for each configuration seen. Moreover, confidence values are
computed at each voxel, reflecting the number of times a specific label has been
assigned to that voxel. Fig. 1 shows the cone of uncertainty around each vector,
where the vector is the mean for all iterations resulting in a given label, and the
cone subtends the angle σθ equal to the standard deviation of the orientations
obtained. As a final step, the vectors obtained for each different configuration
are matched to obtain an occurrence rate, Ov , of each vector. Specifically, if a
vector is labeled as a single fibre direction on some iterations, and matches one
of many crossing fibre directions on other iterations, and falls within a fan on
other iterations, its occurrence will reflect all of these occurrences of this fibre
direction. Hence, an occurrence Ov between 0 and 1 is assigned to each vector in
each of four possible configurations: (a) single (potentially curving) fibre bundle,
(b) double crossing, (c) triple crossing, and (d) fanning. In the case of curving,
the tangent to the curve is output, and is used in tractography in a manner
identical to that the case of a straight fibre.

2.5 Tractography

The tractography algorithm used was an extended streamline tracking algorithm
implemented in a probabilistic framework which considers the probabilistic fibre
orientation information obtained from the probabilistic curve inference labeling
scheme. Here, the entire tractography process was run iteratively, with the di-
rection of propagation chosen randomly using the output of the probabilistic
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Fig. 1. Fibre configurations and cones of uncertainty obtained from the probabilis-
tic curve inference labeling. The algorithm produces output for four possible config-
urations: (a) single (potentially curving) fibre bundle, (b) double crossing, (c) triple
crossing, and (d) fanning fibres. In the case of fanning, fanning will occur in only one
direction (to the left in this figure), while in the other direction, the there is a merge.

curve inference labeling. Each time a direction of propagation, vp, was chosen,
an associated confidence value was assigned to it. As a first step in calculat-
ing a possible direction of propagation, for fibres in geometries (a) through (d)
above, a fibre probability profile was generated. For geometries (a) through (c)
(single and crossing fibres), and for the merge direction in geometry (d) (fan-
ning), this fibre probability profile was generated for each fibre direction, and was
given analytically by a truncated Gaussian distribution centred at the mean fibre
direction, with standard deviation σθ for that direction obtained from the boot-
strap deconvolution, and truncated at one standard deviation from the mean.
On each iteration in tractography, the vector vp was selected at random from
within this probability profile, and the confidence value for this vector was given
by the value of this truncated Gaussian in the direction of vp. For the fanning
direction in geometry (d), the probability profile was defined as shown in Fig.
2, as a fan-shaped “cone” that takes into account the potentially different σθ

values for the two fan delineating vectors vo1,2
output by the curve inference.

The direction of propagation vp was chosen at random from within this cone.
The probability profile value in direction vp subtending angle θ with the plane
segment subtended by vectors vo1,2

(dashed line in Fig. 2) was given by the value
of a Gaussian distribution with mean zero and standard deviation determined
by the weighted average of the standard deviations for the vectors vo1,2

, with
weights determined by the proximity of vp to the vectors vo1,2

. If vp was further
away from vo2

than was vo1
, then the standard deviation for vo1

was used. The
confidence value for the vector was given by the value of this Gaussian-based
probability profile. Note that this process means that the confidence value for
all vectors that lie on the 2D planar fan subtended by vo1,2

is high, and that the
confidence values only fall off lateral to this fan and distal to the end vectors.
Note also that because the two fan-delineating vectors both have uncertainty,
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Fig. 2. View of the top edge of the cone of uncertainty for the fanning fibre configura-
tion. The two fan-delineating vectors vo1,2

point out of the page and have associated
angular standard deviations σθ1,2

. The circular ends of the cones of uncertainty around
each of these vectors are joined by tangent straight lines, and the direction of propa-
gation for tractography (vp) is chosen from within the solid line. Its confidence value
is given by a Gaussian evaluated at angle θ subtended by vp and the planar segment
(whose edge is the dotted line) subtended by vo1,2

(see text for details).

both the orientation and the extent of the fan vary with iteration. Fig. 3 shows
schematic fibre probability profiles for single and crossing fibres.

Given the above probability profiles for each possible fibre configuration at
each voxel, the tractography proceeded as follows. Streamlines were iteratively
propagated using Fibre Assignment by Continuous Tracking (FACT) integration
[13]. For each iteration, at each voxel reached, one fibre geometry was chosen at
random from all geometries with nonzero occurrence. Next, one fibre direction
(or fan in the case of fanning) was chosen for this geometry. In the case of
crossing fibres, the direction closest to the incoming direction was chosen. In
the case of fanning, the merge direction was chosen if the dot product between
the incoming direction and the polarity vector was negative, otherwise, fanning
was chosen. Next, a vector from within the chosen fibre direction’s probability
profile was chosen at random and its confidence value, described above, was
saved. The confidence value for this vector tract segment was then scaled by the
occurrence rate Ov for the selected fibre. As the iterative tractography process
evolved, confidence values were assigned to the streamlines using a weakest link

approach [14–16]: the confidence in a given streamline is given by the lowest
confidence value of all tract segments along the streamline. The connectivity
index for each voxel in the imaging volume to a given reference region of interest
(ROI) was then assigned. The connectivity index for voxel B to the reference ROI
is given by the highest confidence value over all the streamlines connecting voxels
in the reference ROI to voxel B. Fig. 3 illustrates this weakest link connectivity
approach.

Several tractography experiments were run. For each of three seed ROIs,
tracking was done using (a) curve inference labeling of subvoxel geometries, but
no probabilistic framework, i.e., no bootstrapping was performed, but the label-
ing was run once on the original data, (b) bootstrap probabilistic framework,
but no curve inference, i.e., no treatment of fanning fibres, and (c) both (i) prob-
ability profiles generated using the residual bootstrap and (ii) curve inference
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A B

Fig. 3. Truncated Gaussian fibre probability profiles, shown in 2D for illustration. The
tractography process propagates streamlines iteratively with the direction of propaga-
tion chosen from within the truncated Gaussian cones of uncertainty. The confidence in
this tract segment generated is given by the scaled value of the truncated Gaussian in
the direction propagated. The confidence value for a streamline connecting voxel B to
voxel A is given by the lowest confidence value for all segments along that streamline.
Here, the red tract segment is that with lowest confidence. The scalar connectivity
index for connection of voxel B to reference voxel A will be given by the maximal
confidence value of all streamlines that connect the two voxels.

labeling of subvoxel geometries including fanning. In case (b), note that all fibre
directions for all geometries are still assigned the occurrence Ov , but the fanning
geometry is not considered. Table 1 summarizes the processing for the combined
curve inference labeling and bootstrap probabilistic pipeline (c).

The three ROIs used were placed in (1) the medial genu of the corpus callo-
sum, (2) the medial corpus callosum at the level of the premotor cortex, and (3)
the internal capsule. 1000 iterations of the probabilistic tractography were run
for all seed ROIs. For all seed ROI voxels, the tracking was initiated on a 3x3x3
grid of start points in order to facilitate branching. The tracking was stopped
if the fractional anisotropy (FA) was less than 0.1, the mean diffusivity was
greater than 1.0−6mm2/ms, or the turning angle from one voxel to the next was
greater than 70◦. For the second ROI in the corpus callosum, tracts that erro-
neously turned down the cortical-spinal tract were excluded. Connectivity index
maps were stored for all experiments, with the connectivity index reflecting the
confidence in connection of each voxel in the volume to the seed ROI.

3 Results

Fig. 4 shows the computed mean fibre directions and cones of uncertainty for
the four different fibre configurations in a small ROI in the brain. There is
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• acquire high angular resolution diffusion weighted signal profile
• fit signal profile to SH basis
• For N iterations
{
• perform residual bootstrap generation of synthetic signal profile by
adding residuals at random to SH fit of original
• perform spherical deconvolution to calculate FOD
• perform curve inference labeling on FOD to obtain fibre geometry
labels and fibre directions
}
• calculate mean, standard deviation (σθ), and occurrence (Ov) of each
fibre direction, including fan delineating vectors, from the combined
output of the N iterations.
• run iterative probabilistic tractography

Table 1. Summary of the data processing pipeline for the combined curve inference la-
beling and bootstrap probabilistic tractography. In this study, the number of bootstrap
iterations N=100.

output at each voxel for each fibre configuration that has greater than zero
occurence, hence, all four geometries may be shown at a given voxel, despite some
geometries being relatively insignificant. Fig. 5 shows the results of the tracking
experiments. On the left in (a) is the tracking result using curve inference labeling
of fanning fibres, but no probabilistic framework. At centre (b) is the result
using the bootstrap probabilistic framework but no curve inference labeling.
The result using both (i) the bootstrap probabilistic approach and (ii) curve
inference labeling is shown at right in (c).

4 Discussion

The tractography results presented in the previous section affirm the potential
of the proposed probabilistic curve inference labeling tractography pipeline to
describe fibre pathways that pass through regions of complex subvoxel geome-
tries, including subvoxel fanning. Whereas most fibre tracking algorithms provide
reasonable results in major fibre tracts, incorporation of uncertainties obtained
from a probabilistic scheme can improve the result of tractography by following
fibre pathways closer to the cortex, where the fibre directional uncertainty is
higher due to more complex fibre structures. Moreover, the curve inference la-
beling algorithm incorporated into a probabilistic framework can help to obtain
more accurate confidence indices in tractography by exploring the ambiguities
in the FOD, and expanding on the single or crossing fibre subvoxel geometry
assumption.

For all of the tracking experiments performed, it is clear that the results ob-
tained by using probability profiles (columns (b) and (c) of Fig. 5) are generally
much more extensive than the non-probabilistic approach (column (a)), as ex-
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(a) (b) (c)

(d) (e)

Fig. 4. Cones of uncertainty in a small ROI for the four configurations: (b) single fibre
direction; (c) double crossing; (d) triple crossing; (e) fanning fibres. For (b)-(e), the
data are shown in the same ROI: the cones are shown wherever a configuration has
greater than zero occurrence, hence, at any given voxel there could be up to four fibre
configurations shown here. The ROI used is marked by a white square on the principal
diffusion direction red-green-blue (RGB) image (a). In the RGB image, red represents
left-right orientation, green represents anterior-posterior orientation and blue repre-
sents inferior-superior orientation.

pected. There are places, however, where non-probabilistic fanning (a) results in
connectivity to regions that are not reached with the probabilistic non-fanning
approach (b), as can be seen in the leftmost lateral corpus callosum connections
in the top two rows of Fig. 5. This is expected, because the cones of uncertainty
for single fibres in (b) would not be expected to be as broad as fannings could



10 Probabilistic tractography of complex subvoxel fibre geometries

a b c

Fig. 5. Fibre tractography results in the human brain. (a) Tracking with curve inference
labeling, no probabilistic framework; (b) bootstrap probabilistic framework, no curve
inference labeling; (c) curve inference labeling and bootstrap probabilistic framework.
The results in (b) and (c) are shown as two surfaces encompassing two level sets of
the connectivity index map, shown in red and yellow. The translucent red surface is
that encompassing the lowest non-zero connectivity index values. Note that the surface
shown in column (a) is simply the full extent of all voxels reached in the deterministic
scheme: there is no connectivity index information in this scheme. The top row is the
result using the starting ROI in the genu of the corpus callosum, the middle row is the
result using the starting ROI in the corpus callosum at the level of premotor cortex,
and the bottom row is the result using the internal capsule starting ROI.

be in (a), and hence would not result in projections to as many voxels. The
results of the probabilistic approach excluding fanning information are always a
subset of those which incorporate labeling of fanning, as expected, because the
act of fanning reaches a wider area. The difference in overall extent of the trac-
tography result between non-probabilistic and probabilistic schemes is generally,
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but not always, more marked than that between probabilistic frameworks with
and without curve inference labeling, i.e., the difference between using fanning
and not using fanning is often subtle, while many connections can be lost when
tracking only along the most certain directions at each voxel.

For the corpus callosum seed ROIs, the highest connectivity values occur in
the medial core of the corpus callosum, where the voxels are expected to contain
large volume fractions of single fibre directions. This is expected given that the
reproducibility of single fibre directions was seen to be high. The connectivity
index then drops near the cortex, where fibre directional coherence drops, and
there is more partial volume averaging of fibres with other fibre populations and
with grey matter and cerebral spinal fluid.

When comparing the results of the three tractography schemes, it is im-
portant to note that the voxels reached without incorporating the probability
profiles (column (a)) are not necessarily those assigned high connectivity indices
in the probabilistic scheme. This observation is explained by the fact that if σθ is
high, even the tract segments that pass along the maximum of the Gaussian prob-
ability profile will be assigned lower confidence values than those tract segments
that pass near, but not exactly along, a maximum in voxels with low σθ. Also,
the tracking results in lower connectivity indices in many places when fanning
is ignored. For example, comparing columns (b) and (c), the high connectivity
index region extends further out of the medial core of the fibre pathways shown.
This is expected because while these voxels were reached in both experiments,
in the case of probabilistic curve inference labeling, they were reached by prop-
agating within the fan, where all confidence values are high. But without curve
inference labeling information, the same voxels were reached by propagating near
the edge of the cone of uncertainty for a single fibre, where the confidence values
are low.

More experimental work is required to assess the validity and reproducibility
of the proposed framework. In future work, we are planning to acquire multi-
ple HARDI measurements and compare the above estimated uncertainties with
the actual measured values. Running more iterations of the residual bootstrap
scheme and comparing to other probabilistic methodologies are further issues
to be addressed. Nevertheless, we believe that the results obtained thus far are
encouraging and demonstrate the potential of this new approach.
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