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Abstract—Accurate and efficient white matter fiber tract
segmentation is an important step in clinical and anatomical
studies that use diffusion tensor magnetic resonance imaging
(DTI) tractography techniques. In this work, we present a novel
technique to group white matter fiber tracts reconstructed from
DTI into bundles using Nonnegative Matrix Factorization (NMF)
of the frequency-tract matrix. A fiber tract is quantified by
Fourier descriptors in terms of frequencies. Fourier descriptors
derived from the shape signature, the central angle dot product,
are used to construct the nonnegative frequency-tract matrix
which is analogous to the term-document matrix in the document
clustering context. In the NMF derived feature space, each basis
vector captures the base shape of a particular fiber tract bundle.
Each fiber tract is represented as an additive combination of
the base shapes. The cluster label of each fiber tract is easily
determined by finding the basis vector with which a fiber tract
has the largest projection value. Preliminary experimental results
with real DTI data show that this method efficiently groups tracts
into plausible bundles. This indicates that NMF may be used in
fiber tract segmentation with appropriate fiber tract encodings.

I. I NTRODUCTION

The human brain’s white matter contains complex neural
pathways that are vital for the communication of information
between functional gray matter regions. Diffusion tensor mag-
netic resonance imaging (DTI) is a type of diffusion weighted
magnetic resonance imaging (MRI) technique based on mea-
suring the Brownian motion of water molecules in isotropic or
anisotropic media [1]. It is the only means currently available
for in vivo investigation of human brain connectivity. With
DTI datasets, the white matter fibers can be reconstructed
using a class of techniques called tractography [2], [3], [4],
[5]. DTI and white matter tractography play a crucial role in
understanding anatomical connectivity and functional coupling
between regions of the brain, and in clinical applications such
as neurosurgery planning and brain disorder diagnosis [6],[7].

The most popular tractography techniques construct white
matter fiber tracts as streamlines [2], [3]. A group of fiber tracts
form a white matter fiber bundle that interconnects gray matter
regions. Due to the spatial resolution of the currently available
DTI datasets, the reconstructed fiber tract streamlines do not
correspond to individual axons. Thus, individual streamlines
are of no anatomical significance, unless they form a bundle
that connects gray matter regions. Clustering reconstructed
fiber tract streamlines into meaningful bundles has been an

important step in DTI-based white matter fiber analysis.
Over the past few years, a number of white matter tract

segmentation schemes have been published. These approaches
roughly fall into three categories, i.e., visual dissection, au-
tomatic clustering and atlas based segmentation. Conturo et
al. [8] proposed a visual dissection method to interactively
select fibers passing through one or more user defined ROIs
in the process of DTI fiber tracking. This approach can also
be used to remove anatomically implausible tracts. But it is
time-consuming to segment large amounts of arbitrarily shaped
fibers with complex structures. Good knowledge of brain white
matter anatomy is necessary for this method.

In the second category methodologies, Ding et al. [9]
bundled fiber tracts by finding the corresponding portion of
a fiber that has pointwise correspondence to a portion of
another fiber. Burn et al. [10] described a normalized cuts
clustering algorithm. Gerig et al. [11] and Corouge et al. [12]
introduced Hausdorff and similar distance metrics to implicitly
model tract’s shape characteristics. relationship Others[13],
[14] emphasized their efforts mostly on the development of
better clustering algorithms. Batchelor et al. [15] compared
several mathematical tools including link, principal component
analysis (PCA) and the Euclidean distance of Fourier descrip-
tors to study the relative spatial configurations of trajectory
pairs and indicated that these measures could be used in
classifying and clustering the reconstructed fiber curves.

The third type of tract clustering techniques are based on
a neural path atlas built in advance or drawn or selected
manually by users [16], [17]. Knowledge of a fiber bundle
is a requirement of this type of approaches.

These existing methods have their advantages and disadvan-
tages and generate different clustering results of fiber tracts.
The challenge that we face is to model a fiber tract with a
representation method to separate fiber tracts belonging to
distinct bundles while grouping tracts of the same bundle.

The contribution of this paper is a novel post processing
technique for clustering or segmentation of DTI tractography
reconstructed white matter fiber tracts. Especially, we employ
Fourier descriptors to quantify a fiber tract’s shape signa-
tures and perform segmentation using Nonnegative Matrix
Factorization (NMF). NMF has been widely used in many
applications, including document clustering context. It has



been shown that NMF surpasses singular value decomposition
(SVD) and the eigenvector based clustering methods in the
sense that NMF produces both reliable and accurate document
clustering results [18]. As a result, the advantage of our
method lies in the facts that: (1) Fourier descriptors provide
good representation and normalization of white matter fiber
tracts; (2) each basis vector of NMF has a straightforward
correspondence with each fiber tract bundle in the frequency
domain and thereby fiber tract cluster label can be directly
inferred without additional clustering operations. In detail, we
construct the nonnegative frequency-tract matrix using Fourier
descriptors derived from the shape signature, the central angle
dot product. This frequency-tract matrix is analogous to the
term-document matrix in the document clustering context. In
the NMF derived feature space, each basis vector captures the
base shape of a particular tract bundle. These basis vectorsdo
not need to be orthogonal. This is different from the clustering
methods based on SVD and the related spectral clustering
methods. In our approach, each fiber tract is represented as an
additive combination of the base shapes. The cluster label of
each fiber tract is easily determined by finding the basis vector
with which a fiber tract has the largest projection value.

The rest of this paper is organized as follows: Section II
describes the methods used in this study. Especially, Subsec-
tion II-A illustrates a parameter fitting technique to sample
fiber tracts in equal arc length. Subsection II-B introducesthe
fiber tract shape signature. In Subsection II-C, we describe
the fiber tract encoding by Fourier descriptors derived from
the fiber tract shape signature. Subsection II-D discuss the
clustering method using NMF. Section III gives our prelimi-
nary results to show the performance of the NMF clustering
method. Finally, Section IV concludes this paper.

II. M ETHODS

A. Fiber Tract Parameter Fitting

The backward streamline based DTI tractography technique
proposed by Mori and van Zijl [3] is employed in this analysis
to reconstruct white matter fiber tracts. This tractography
technique produces fiber tracts as spatial curves in the three
dimensional (3D) space with unequal separation distances
between successive step points. Fourier transform approach is
dependent on the parameterization of the curves. This requires
the parameterization to be standardized. For this reason, all
reconstructed tracts are fitted using a fixed geodesic arc length.
Distinct fiber tracts have equal length unit but usually different
numbers of step points.

B. Shape Signature

Each step point on a fiber tract has its 3D coordinates
representing its spatial position and a principal eigenvector
indicating the local diffusion orientation in a specific voxel it
falls in. We define a fiber tract’s global diffusion orientation
as the accumulation of local diffusion orientations. Assume
e = {e1, e2, . . . , el} is the set of local diffusion orientations
of a fiber tract, then the global diffusion orientationeg is given
by eg =

∑l

i=1
ei.

A voxel’s diffusion orientationei is not equivalent to its
associated principal eigenvector in the sense that a diffusion
orientation is symmetrically bi-directional while a principal
eigenvector is directional. In order to get the correct global
orientationeg, we need to check the directional consistency of
the principal eigenvectors. In detail, we start from any oneof
the two end points of a fiber tract and move towards its unique
successive step point. If the dot product between the principal
eigenvector and this initial moving direction is negative,we
reverse the the principal eigenvector of that point. Then we
move forward following the direction of this checked principal
eigenvector. At each intermediate step point, if the dot product
of the two principal eigenvectors belonging to this step point
and its previous neighbor are negative, we reverse the one
belonging to this step point and repeat this procedure until
reach the other end of this fiber tract.

The central angle dot product (CADP) shape signature is
defined as the absolute value of the dot product between a
step point’s local diffusion orientation and the global diffusion
orientation of the tract

|eT
i · eg|
‖ei‖‖eg‖

.

C. Fourier Descriptors of the Shape Signature

We compute the discrete Fourier transform of a tract as

FD(i) =
1

l

l∑

k=1

s(k) exp(
−j2πik

l
), i = 1, 2, . . . , l, (1)

wheres(k), k = 1, 2, . . . , l, is the CADP shape signature at
the kth point, andj =

√
−1. The coefficientsFD(i), i =

1, 2, . . . , l, are called Fourier descriptors of the shape of a
fiber tract. Since the shape signatures that we introduced are
all real values, there are onlyl/2 different frequencies in the
discrete Fourier transform. Ifl is an odd number, the number of
different frequencies is(l +1)/2. In the following discussion,
we assume thatl is even for convenience. Therefore, only a
half of the Fourier descriptors are needed.

Fourier descriptors transform the fiber tract shape from the
spatial domain into a frequency domain. This eliminates the
difficulty to establish matching correspondence between two
randomly organized fiber tracts in the spatial domain. The
number of coefficients from Fourier transform is usually large,
but a small subset of these coefficients is sufficient to capture
the general shape features of a fiber tract. The coefficients
corresponding to very high frequencies are not helpful in fiber
tract shape differentiation. These high frequency components
can be ignored without significant accuracy loss for fiber tract
clustering. The lower order components also help filter out
noise dependent perturbations. As a result, the dimension of
Fourier descriptors used for fiber tract clustering are signifi-
cantly reduced. In addition, two fiber tracts compared based
on the Fourier descriptors do not have to have the same
numbers of step points. Consequently, Fourier descriptorscan
be employed in matching of fiber tracts with unequal length.

To encode a fiber tract with nonnegative values, we discard
Fourier descriptors’ phase information and keep only their



magnitudes. These magnitudes are all nonnegative. This also
makes Fourier descriptors rotation invariant without any loss of
encoding accuracy in the context of this study. In the following
discussion, we usef(i) to represent a Fourier descriptor’s
magnitude, i.e.,f(i) = |FD(i)| ≥ 0. We also referf(i)
as a Fourier descriptor for simplicity though it is actually
a Fourier descriptor’s magnitude. Now, each fiber tract can
be encoded by a encoding vector,f , composed of a set of
Fourier descriptorsf = [f(1), . . . , f(i), . . . , f(m)] with all
f(i) ≥ 0 for i = 1, 2, . . . , m, wherem (≤ l/2) is the number
of truncated Fourier descriptors.

D. Clustering based on Nonnegative Matrix Factorization

To construct the nonnegative frequency-tract matrix, we put
each fiber tract’s encoding vector, e.g., for thejth tract,fj =
[fj(1), . . . , fj(i), . . . , fj(m)] into the jth column of a two
dimensional (2D) matrixV . Assumen is the number of fiber
tracts under consideration, the constructed nonnegative matrix
V thus has the dimensionm× n.

We have expressed a set of fiber tracts as anm × n
nonnegative frequency-tract matrixV . Each columnVj of V
is an encoding of a fiber tract in the frequency domain and
each entryvij of vectorVj is the significance of frequencyi
with respect to the fiber tract representation ofVj .

The NMF is defined as finding two low rank nonnegative
matrix factorsW and H of a given nonnegative matrixV
such thatV ≈ WH [19]. Each column ofW is a basis
vector and each column ofH contains an encoding of the
linear combination of the basis vectors that approximates the
corresponding column ofV . W andH each has the dimension
m × r and r × n respectively.r is the number of clusters
selected. Usually,r ≪ min(m, n). Finding or estimating the
approximate value ofr depends on applications.

The approach using NMF to obtain factor matricesW and
H in this study is to minimize the Frobenius norm of the
differenceV −WH , i.e., minimize‖V −WH‖2 with respect
to W and H with Wij ≥ 0 and Hij ≥ 0 for each i and
j [19]. The updating rule to produceW and H is based on
the multiplicative method proposed by Lee and Seung [19]. In
the multiplicative method, we first initializeW and H with
nonnegative values and then perform iterations for eachα, i,
andj until convergence. The updating formulas are

Hαj ← Hαj

(WT V )αj

(WT WH)αj

(2)

Wiα ←Wiα

(V HT )iα

(WHHT )iα

(3)

At each iteration,W and H remain nonnegative and the
columns ofW or the basis vectors are normalized to unity.
Updating W and H simultaneously generally yields better
results than updating each matrix factor individually.

This multiplicative method is related to the expectation
maximization (EM) technique used in image processing con-
text and can be classified as a diagonally scaled gradient
descent method. It is proved that the Euclidean distance

(a) Unclassified CST and MCP (b) CST and MCP in two clusters

Fig. 1. Illustration of unclassified and classified CST-MCP tracts.

‖V −WH‖ is monotonically nonincreasing under the above
multiplicative method updating rules, and that the convergence
of the iteration is guaranteed [19].

We then use matrixH to identify the cluster membership
of a fiber tract. In detail, for thejth fiber tract, we compare
entries across rows on thejth column ofH . Its cluster label
is x if x = argmax

i
{Hij}.

III. PRELIMINARY RESULTS

The real dataset used to assess the performance of this
method is a fiber tract collection consisting of the corticospinal
tract (CST) bundle and the medial cerebellar peduncle (MCP)
bundle. It is denoted as CST-MCP dataset and shown in Fig-
ure 1(a). This dataset has totally 310 fiber tracts. Figure 1(b)
illustrates the segmented two subbundles, CST and MCP.
Among the 310 fiber tracts, 199 and 111 of them are grouped
into CST and MCP respectively.

In this test, the first 30 Fourier descriptors derived from
the CADP shape signature of each fiber tract are used to
form the nonnegative frequency-tract matrixV which thus has
the dimension30 × 310. The cluster numberr is selected
as 2. After applying NMF, the dimensions of the yielded
nonnegative matricesW and H are 30 × 2 and 2 × 310
respectively. For thejth (j = 1, 2, . . . , 310) fiber tract, we
then compare the values of the two rows on thejth column
of matrix H . Its cluster label is identified as the row index
i (i = 1, 2) if this row has the larger value than that of another
row.

Figure 2 graphically demonstrates the entry value compar-
isons between each two rows of the first 10 columns of the
matrix H . Among these 10 fiber tracts, the first and last 3
(colored in red) are identified as CST. For each of them, the
entry value on the first row (marked as +) is greater than
that of the second row (marked as o), and vice versa for the
middle four fiber tracts (colored in blue). Figure 3 shows the
corresponding first 10 fiber tracts colored according to their
cluster labels.

IV. D ISCUSSION ANDCONCLUSION

In this work, we presented a novel technique to group
white matter fiber tracts reconstructed from DTI into bundles.
This approach is based on NMF. The construction of the
nonnegative frequency-tract matrix and the encoding of fiber
tracts were described. Preliminary experimental results have
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Fig. 2. Value comparisons of the first 10 columns of the matrixH. Red:
labeled as CST; Blue: labeled as MCP; +: first row; o: second row.

Fig. 3. Classified first 10 fiber tracts.

been obtained and show that this technique can efficiently
separate fascicles into plausible bundles.

In summary, NMF has mostly been applied to text mining
and image analysis. Medical imaging, especially the white
matter fiber tract analysis, may benefit from this technique as
well. Problems such as identifying significant features in the
encoded fiber tracts are natural candidates for applications of
NMF. In such contexts, fiber tracts can be treated as analogous
to text documents and the quantified weights of features to
term frequencies. The basis feature vectors can be viewed
as analogous to the base topics. With further development,
it may be possible to apply NMF in quantifications of the
deformation of white matter fibers under certain pathologies
and brain diseases, e.g., tumor, or for clinical studies.
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