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This paper describes a platform developed for analysis of Diffusion
Tensor Image data using different tractography algorithms. The
platform allows these algorithms to be compared both quanti-
tatively and qualitatively. Two specific tractography algorithms
were compared, STT (Streamlines Tracking Technique) and TEND
(tensor-deflection algorithm). The platform was assessed on a
publicly available DTI dataset to analyse and quantify the perfor-
mance of these tractography algorithms. Based on specific tests
using this platform, results indicate that the STT algorithm is
better at dealing with fibres containing curves and TEND is more
appropriate for straighter fibres. A methodology is also proposed to
help differentiate between nerve fibres that meet or cross.
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I INTRODUCTION

Diffusion Tensor Imaging (DTI) (or Diffusion Ten-
sor MRI) is an extension of MRI that quantifies
water diffusion in living tissues [1], [2], [3] and [4].
DTI, like MRI, is a non-invasive method [5] which
can be performed safely and repeatedly in vivo.
An important application of DTI is the ability

to track nerve fibre pathways in the brain [6]. Such
information could help the diagnosis of certain dis-
eases like multiple sclerosis, schizophrenia [7] and
autism. Therefore, DTI opens a window for un-
derstanding connectivity within the brain.

Diffusion can be understood as the dilatation
or the propagation of a droplet on a surface.
There are two types of diffusion: isotropic and
anisotropic. Isotropic diffusion has no preferred
direction, i.e. diffusion is equal in all directions.
This is typical in grey matter. Anisotropic dif-
fusion has diffusion in some directions more than
others. This form of diffusion is typical in white
matter. It has been reported that diffusion of wa-
ter molecules is greatest parallel to the direction
of nerve fibres [5].

Diffusion weighted gradients must be applied in

Imaging (DTI), fibre tractogra-

multiple directions to obtain the information re-
quired to generate/calculate the diffusion tensor.
The diffusion tensor is a 3x3 real valued symmetric
matrix with 6 degrees of freedom. Diagonal terms
represent molecular mobility along principal direc-
tions of diffusivity and off diagonal terms arise due
to the fact that measurements are made in the ref-
erence frame of the scanner which is not typically
the same as the diffusion frame of reference [5].
Gradients applied in at least 6 different directions
are required in order to calculate the tensor.
Having obtained the diffusion tensor for each

voxel, standard parameters such as fractional
anisotropy (FA), a measure of diffusion anisotropy
and eigenvalues/eigenvectors can be calculated. A
voxel is the 3D equivalent of a pixel and is the
smallest distinguishable unit of volume. The FA is
scaled from 0 (isotropic) to 1 (anisotropic):

FA V/1,/(A- A2)2 + (A2 -A3)2 + (A3 - \1)2

where Ai are the eigenvalues following diagonal-
ization of the tensor.
While direct visualisation of the tensor informa-

tion is not possible, methods exist to aid visual
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be tangent to the pathway. The second algorithm
assessed was the TEND (TENsor-Deflection) algo-
rithm [9], [17] and [18], which uses the tensor at
each point to multiply the incoming path vector,
resulting in a new vector that is deflected toward
the principal direction of diffusion.

Vout = D -vi (2)

Fig. 1: Typical output from DTI analysis, showing
connections in the brain using the STT algorithm. Image
shows the axial plane with frontal lobes to the left and the

occipital region to the right.

interpretation. These methods include anisotropy
maps and colour maps. In anisotropy maps, the
white matter appears brighter than the grey mat-
ter, and some fibre structures can be observed.
Colour maps provide a colour coded visualisa-
tion of the direction of the principal eigenvector.
Indeed the three main axes (right-left, anterior-
posterior and superior-inferior) are assigned a de-
termined colour: red (R), green (G) and blue (B).
Therefore the major fibre orientation is drawn us-
ing a combination of these three colours and using
the FA value to represent the signal intensity [8].
3D visualisations can also be generated. One

method consists of representing the tensor by el-
lipsoids. For an isotropic representation this pro-
duces a sphere and for the anisotropic representa-
tion produces a linear or planar ellipsoid oriented
in the direction of its longest axis. A composite
representation also exists [9]. The most intuitive
3D representations are based on fibre tractography
algorithms [10], [11], [12] and [13]. These algo-
rithms attempt to display the nerve fibres present
in the brain based on diffusion tensor information.

Despite the importance of tractography and the
number of proposed algorithms, few comparisons
of these algorithms have been reported in the lit-
erature. One of the reasons for this is the lack of a
common platform to allow qualitative and quanti-
tative comparisons of these algorithms.

II AIM

The aim of this study was to analyse and compare
different DTI tractography algorithms based on a
standard framework.
The platform developed (Fig. 2) was used to as-

sess two tractography algorithms using a synthetic
dataset and real data. The first standard trac-
tography method assessed was the STT (Stream-
lines Tracking Technique) [14], [15] and [16]. This
method follows the principal diffusion direction
throughout the volume. This direction is given
by the principal eigenvector which is assumed to

The second goal of this research was to provide
comparison measures to better understand the lim-
itations of the fibre tractography algorithms and
identify possible improvements. Given the recent
generation of a publicly available synthetic DTI
dataset [19], comparison testing can readily be car-
ried out to fully understand how these algorithms
work and allow selection of the best operating pa-
rameters.

Comparisons of tractography algorithms is of
great scientific interest as it provides a framework
to help better understand real data for the detec-
tion and study of brain disorders such as autism or
schizophrenia. Real data for this study was pro-
vided by the Nathan Kline Institute for Psychiatric
Research in New York.

Section III provides an explanation of the devel-
oped platform and of the synthetic dataset. Sec-
tion IV presents the different analysis methods per-
formed: a comparison between two tractography
algorithms using a synthetic DTI dataset (sub-
section a), quantification and measures of perfor-
mance for the two tractography algorithms (sub-
section b) and some results using real patient data
(subsection c). In section V we discuss the results
obtained and finally, section VI provides an outline
of possible future work.

III PLATFORM & DATABASE

The developed platform accepts DTI data as an
input and provides a format for analysis and visu-
alisation. The framework combines five successive
DTI processing steps, loading the data files, ten-
sor computation, rewriting, converting and com-
pressing. Pre-computing visualisation parameters
and visualisation in this study were achieved using
the DTI Query software [20]. This visualisation
software was chosen as it uses dynamic queries to
enable interactive manipulation of the fibre param-
eters and ROI positions, thus facilitating examina-
tion and analysis of data.
The Common DTI Dataset, named PISTE, was

developed for researchers focused on DTI analysis
[19] and allows researchers to test, validate and
compare algorithms. It is a common dataset which
offers a good point of comparison between different
methods of tractography.
The dataset contains ten different shapes which

represent typical fibres: linear, linear with a break,
branching, three crossings (curve, straight and
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Fig. 2: An analysis and comparison platform for DTI
tractography algorithms
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Fig. 3: Example of two different fibre shapes (a), kissing
fibres (b) and curving fibres (c)

cross) and an example of kissing fibres (Fig. 3.b
- fibres that meet but not cross). Other fibre ex-
amples which do not correspond to likely neural
pathways in the brain such as spirals, helical struc-
tures and even a leaf are provided to further test
the tractography algorithms.

IV ANALYSIS METHODS

a) Interpretation of the Synthetic Dataset

The Common DTI Dataset contains 10 different
shapes, each one having three different SNR val-
ues (7, 15, 30). In this dataset some shapes are
more important and more interesting for medical
analysis because they resemble nerve connections.
These include linear, kissing, crossing and branch-
ing shapes. In this study attention is focused on
these shapes.
For example, one of the most important medi-

cal imaging questions in DTI relates to the ability
of tractography algorithms to distinguish kissing
(Fig. 3.b) from curving fibres (Fig. 3.c) [21]. In
changing the parameters of the visualisation: the
minimum and the maximum value of the length,
the FA and the average curvature of the fibres, the
shapes were qualitatively analysed and in particu-
lar methods were determined to distinguish these
two fibre types.

Noise From analysis of the dataset shapes it was
observed that precision of tractography algorithms
is a function of the noise present in the data. When

using the TEND algorithm for shapes (particularly
those with two branches) at low SNR values there
was one preferred direction. This implies that one
branch is better represented than the other. The
STT algorithm normally does not produce per-
fectly straight pathways; some curvature is gen-
erally visible at the extremities. This is due to the
fact that the STT algorithm follows the principal
diffusion direction but also produces some errors
as it takes into consideration noise around the fi-
bre shape. Another explanation of the curvature
is that an appropriate FA Termination Threshold
(a key parameter of the pre-processing) was not
selected. Therefore, the two algorithms are influ-
enced by noise, but the TEND algorithm is more
immune to the influence of noise around the shape
and thus produces "cleaner" representations.

It was noted that STT is better at dealing with
fibres containing curves [17] but not all types of
curvature. However observing the result of the he-
lical shape it was noticed that better results are
obtained with the TEND algorithm due to the
background noise. While we do not find a physical
analogous fibre with a helical shape in the brain, it
is interesting to observe the algorithmic behaviour
on such a complex fibre structure. The acquired
knowledge can be used, for example, to design new
stopping criteria for tractography algorithms.

Length & FA value The two major parameters
that are adjusted to provide the best visualisation,
the range of lengths and range of FA values of the
pathway, were also examined. As our aim is to
locate possible connections in the brain, by exper-
imenting with the synthetic dataset it was found
advantageous to simply increase the value of the
minimum length of the pathway and then adjust
the range of FA values to obtain our final estimate
of the connection.

Kissing & Crossing There is no ideal solution
for differentiating a kissing from a crossing fibre,
but it was observed that if the FA value is slightly
increased, then one branch of the shape tends to
disappear. The branch that disappears is different
for both curving and kissing. The flowchart in
Fig. 4 describes the process to choose between
either a curving or a kissing fibre. However, this
needs to be explored further and is suggested for
further work.

b) Measures of Algorithmic Performance

After visually interpreting the synthetic dataset in
the preceding subsection and after describing some
differences between the two algorithms, in this sec-
tion we wanted to quantify and analyse the results
obtained. Indeed, it is of interest to both algorithm

107 -

(-C-111
Z-1



4M1t V Aw)

Fig. 4: Process to choose between the kissing and the
curving

developers and neuroscientists to know if the two
algorithms produce similar or different results for
the identified fibre tracts and more importantly
the extent to which the results differ.

This study was limited to two important shapes.
The first one is the most basic shape, a linear fi-
bre tract. With such a shape, computation of the
pathway properties can be carried out in a simple
manner. This is of particular benefit when build-
ing systems for quantitative evaluation of perfor-
mance. The second shape analysed is the orthog-
onal crossing fibre. With this shape, an example
of a crossing shape composed of two linear shapes
which cross together can be examined. These two
shapes were analysed for an SNR of 30.
The steps of the process were as follows; firstly,

specific fibres of the shapes were selected. This
was achieved by fixing an ROI at each extrem-
ity of the shape and varying the thickness of the
ROIs to generate a database. Six parameters of the
chosen selections were examined. The parameters
studied were the total number fibres of the selec-
tion, then for individual fibres: length, average FA
value, minimum FA value, average curvature and
maximum angle.

Length & FA value For both algorithms and
for both shapes it can be clearly seen that the
largest number of fibres have lengths of less than
50mm or have an average FA lower than 0.20. This
is not unexpected as the grouping of fibres with
lengths lower than 50mm will include short fibres
arising from surrounding noise in the image data.
A similar explanation applies to fibres with an av-
erage FA lower than 0.20. By examining distribu-
tions of the FA value higher than 0.20, it can be
observed that there is one principal concentration
of FA values for the linear fibre shape example.
Respectively, there are two concentrations of val-
ues for the orthogonal crossing fibre shape. It can
be concluded that this concentration corresponds
to the pathway. This implies that in a simple case
the shape can be constructed by simply consider-
ing the FA values around this concentration.
The same analysis approach can be applied to

fibre lengths. For example, it is observed that

Fig. 5: Distribution of the length for fibres > 50mm

the largest concentration of fibre lengths for STT
occurs at 320mm and at 250mm for the TEND.
Therefore, selecting just the lengths around the
peak in Fig. 5 for the chosen algorithm, guarantees
a good visual representation of the linear shape.

Curvature Observations were based on the
maximum angle and the average curvature. For
the maximum angle, average values of approxi-
mately 15 degrees for STT and approximately 4
degrees for TEND were found. The STT value
is therefore notably higher. Analysis of average

curvature produces a similar result; STT values
(0.025 [1/mm]) are approximately double those of
TEND (0.012 [1/mm]). It was established that
the STT algorithm results exhibit higher curvature
than those from TEND. This fact is corroborated
in the literature [22].

Minimum FA It was noted that the minimum
FA of a fibre with TEND (e.g. linear: 0.32) was

higher than with STT (e.g. linear: 0.13), but typ-
ically the average FA values were very similar (e.g.
linear STT: 0.58 and TEND: 0.61).

Number of fibres In addition to these exami-
nations it was noticed that for two ROIs there are

more connecting fibres for STT than for TEND.
On comparing 250 different experimental setups
(location and size of ROIs) it was found that STT
produces on average 60% more fibres than the
TEND algorithm. It was also observed that for
different thicknesses of the ROIs we get a sudden
increase in the number of fibres for an ROI width
of 10mm.

Distance Finally, with the help of the synthetic
linear shape a technique was developed to com-

pare the difference of the performance of the two
algorithms. By comparing the fibres starting from
a same seedpoint it can be concluded that STT
and TEND produce very similar fibres, if the cur-

vature at the extremities of the fibres identified
by the STT algorithm are ignored. For the linear
tract it was observed that both of the algorithms
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Fig. 6: Connections between two ROIs in the frontal lobes
(ROIi: [146.7,94.3,45.5], ROI2: [178.8,96.5,51.9]). Patient

number 817. In dark: TEND, in light: STT.

produce approximately straight fibres for a similar
section of the pathway. For example, for the 459
fibres present in a selection', the average distance
between the pathways resulting from the STT and
TEND algorithms was found to be 0.028mm. This
demonstrates the reliability of these algorithms.
While this was assessed with a straight fibre shape,
it would be interesting to see how similar the re-
sults are when dealing with examples of curvature.

c) Results ussing Real Patient Data

Fig. 6 displays the output from this analysis frame-
work for real patient data. Two ROIs were chosen
to visualize the connections present between the
two hemispheres in the frontal lobe. Firstly, it
was noticed that the number of fibres is approx-
imately the same for both algorithms (63 for STT
and 66 for TEND). When comparing the distri-
butions of length, average FA and minimum FA
resulting from application of both tractography al-
gorithms, it was found that both algorithms pro-
duced similar distribution. However, the distribu-
tion of maximum angle and the average curvature
values were found to be distinct. Both the maxi-
mum angle and the curvature value were higher for
STT than for TEND. This consistent with results
from the synthetic dataset. As can be appreci-
ated an understanding of the performance of the
algorithms with the synthetic dataset is critical for
interpretation of real patient data.

V DISCUSSION

The aim of this study was to analyse and com-
pare different DTI tractography algorithms based
on a standard framework. Using this framework,
it was noted that noise is a factor impacting the
quality of the eventual fibre shape. This is in line
with other results reported in the literature [23].
Regarding the differences between the two algo-
rithms, it was observed that in general the STT

1position of ROI1 [50,236,12], position of R012
[250,236,12], and thickness of the ROIs [10,10,10] (data in
millimeters)

algorithm has higher curvature than TEND. Also
the importance of the FA and the length parame-
ters was noted. Indeed with an appropriate choice
of these two parameters a good representation of
the fibre tract can be obtained.
A major problem for tractography algorithms is

to differentiate between kissing and crossing fibres.
Initially it was observed that kissing and crossing
shapes give similar results. However a new ap-
proach was developed (Fig. 4) that can better de-
tect kissing from crossing fibres in an ensemble of
shapes. This analysis method hinges on the fact
that we know that in our ensemble kissing or cross-
ing fibres are present. An interesting question is
how can one arrive at this conclusion without prior
knowledge, in other words, how can we deal with
this issue in real patient data?
A possible solution may be to further explore the

FA value. Besides developing a new algorithm it
would also be interesting to investigate the thresh-
old values. For example, this could include modify-
ing the stopping criteria for the tractography algo-
rithm based on the distance criteria between con-
secutive eigenvectors. This would be an interesting
approach and may provide more understanding on
the utility of the FA parameter.

Concerning the FA value, an interesting observa-
tion was made: the FA values were typically very
similar for both of the algorithms but the mini-
mum FA with TEND was higher. This can be
explained as fibres from STT are generally longer
than fibres from TEND, so their extremities are
in regions where FA is lower than elsewhere in the
fibre. The minimum FA for a STT fibre will there-
fore have a lower value. The average FA value
will not be greatly influenced by the minimum FA
values because of the small number of voxels with
low FA value. This can be validated as fibres from
the same seedpoint for both TEND and STT algo-
rithms are approximately the same in the straight
sections of the fibres.

Another observation was a rapid increase in the
number of fibres as a function of width. This was
notable for the linear fibre shape with a width of
10mm. The cause of this rapid increase, and the
concentration of fibres for a thickness less than
10mm, is difficult to interpret. It may be due to
the generation of the shape, which has a thickness
of almost 10mm, thus forcing the algorithms to
build significantly more fibres in a volume of this
width. Evidence to corroborate this observation is
that for width less than this value, one only ob-
tains some fibres for this shape. When we have a
width of exactly 10mm we obtain most of the fi-
bres which make up the shape. For widths greater
than 10mm we observed fibres alongside but out-
side the shape. This may be one explanation of
this interesting observation.
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Finally, regarding the distributions of the two
major parameters, length and average FA value,
one can predefine the minimum and maximum
value to obtain a fine outline of the pathway.
Therefore these two parameters may be added to
the pre-computed parameters for visualisation.

VI FUTURE WORK

An analysis platform was developed in conjunc-
tion with the DTI Query software, which allows us
to visualise and examine fibre tracts in the brain.
The next step in the development of this platform
is the addition of further algorithms for tractog-
raphy, such as those based on Level Set theory.
Development of improved algorithms based on the
two existing methods, STT and TEND, using feed-
back from the quantitative analysis of performance
may also prove beneficial. We could also expand
the study to analyse the remaining shapes from
the synthetic dataset. The study could be further
extended to the analysis of new fibre shapes such
as two linear tracts in very close proximity. This
would provide more understanding of algorithmic
behaviour on simple shapes.

VII CONCLUSION

In this study two goals were realized to improve
diffusion tensor imaging. The developed plat-
form enables analysis of diffusion tensor image
data using different tractography algorithms. The
platform also allows these algorithms to be com-
pared both quantitatively and qualitatively on real
and synthetic datasets. In the absence of an
anatomical gold standard it is difficult to deter-
mine which algorithm is more accurate, however
the developed platform highlights differences in
performance which is essential for further devel-
opment of tractography algorithms.
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