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Abstract. Due to its ability to automatically identify spatially and
functionally related white matter fiber bundles, fiber clustering has the
potential to improve our understanding of white matter anatomy. The
normalized cuts (NCut) criterion has proven to be a suitable method for
clustering fiber tracts. In this work, we show that the NCut value can
be used for unsupervised feature selection as a measure for the quality
of clustering. We further present a method how feature selection can
be improved by penalizing spatially illogical clustering results, which is
achieved by employing the Silhouette index for a fixed set of geometric
features.

1 Introduction

High Angular Resolution Diffusion Imaging (HARDI) makes it possible to ac-
quire comprehensive diffusion information [1]. Advanced fiber tracking algo-
rithms based on HARDI data provide insight into the white matter architecture
of the human brain. Due to the large number of reconstructed fibers, fiber clus-
tering is commonly applied to reduce visual complexity and to facilitate clinical
analysis.

Previous publications have shown that spectral clustering and especially the
normalized cuts (NCut) algorithm are well suited to address this task [2]. A
common issue in several clustering methods presented so far is the utilization of
a steady feature set [2,3], which may lead to insufficient clustering results due
to a poor choice of features. This bears the risk of drawing incorrect conclu-
sions, making feature selection crucial to ensure that features contain relevant
clustering information.

In order to overcome this limitation, we present a clustering framework that
improves the clustering results by performing an unsupervised genetic feature
selection. The fitness function of the genetic algorithm is defined by a new qual-
ity measure based on the NCut value and a geometric penalty that prevents
spatially illogical clusterings. This penalty is implemented by considering the
Silhouette index of the clustering result for a fixed set of geometric features.
To our knowledge, this is the first time that the k-way normalized cut criterion
NCutk is utilized for feature selection.
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2 Materials and Method

2.1 Image Data

The widely used FiberCup phantom with ground truth fibers [4,5] was simu-
lated as our test data set for 60 gradient directions and a b-value of 1500 s

mm2 .
The resolution is 64×64×3 voxels with a voxel size of 3mm×3mm×3mm. The
FiberCup phantom contains 3011 fibers in seven bundles. As shown in Fig. 1,
the bundles are arranged in crossing, kissing, and fanning configurations.

Fig. 1. Bundle composition of the FiberCup phantom.

2.2 Features and Feature Selection

In general, the results of clustering algorithms such as NCut depend highly on
the relevance of the considered features. Ideally, the algorithm chooses features
that represent relevant information and ignores irrelevant ones. Feature values
should be similar for objects in the same cluster and significantly different for
objects in other clusters. Since some features may outweigh other features due to
their value range, it is beneficial to normalize the feature values, which is solved
using z-normalization.

To achieve reasonable computation time and to cover a wide variety of feature
combinations, a genetic feature selection algorithm is applied for finding the
optimal feature set and clustering [6].

The feature set we consider for the evaluation of our framework consists of
the center of gravity of a fiber and the lower triangular part of the covariance
matrix of the sampling points of a fiber. Furthermore, we add a testfeature with
normally distributed values in order to evaluate the proposed feature selection.

2.3 Normalized Cuts

Several previous publications have shown that spectral clustering produces plau-
sible results for fiber tracking data [2]. The normalized cuts criterion [7], which
further improved the concept of spectral clustering, has first been applied on
fiber clustering by Brun et al. [3].

The theoretical concept is based on a graph partitioning problem which states
that the node set V of every unidirectional weighted graph G = (V,E) with
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|V | = N can be divided into two disjoint subsets A and B by removing the edges
between these two subsets. With w(i, j) being the edge weight between two nodes
i and j, the cost function cut(A,B) =

∑

i∈A,j∈B w(i, j) has to be minimized.
NCut furthermore penalizes the size difference of these subsets by considering
the association function assoc(A, V ) =

∑

i∈A,v∈V w(i, v) and is defined by

NCut(A,B) =
cut(A,B)

assoc(A, V )
+

cut(A,B)

assoc(B, V )
. (1)

It has been shown that NCut(A,B) can be minimized by solving the eigenvector
system

(D −W )y = λDy (2)

where D is a N×N diagonal matrix with di =
∑

j w(i, j) on its diagonal and
W is a symmetric matrix containing the weight function w(i, j) [7]. Eq. 1 is
minimized by using the second smallest eigenvector derived from Eq. 2. The
optimal bipartitioning is then given by the signs of the values in y.

By considering more than one eigenvector, this algorithm can also be used
to generate a k-way clustering [7]. For k clusters, the NCut value is defined by

NCutk =
cut(A1, V \A1)

assoc(A1, V )
+

cut(A2, V \A2)

assoc(A2, V )
+ · · ·+

cut(Ak, V \Ak)

assoc(Ak, V )
. (3)

2.4 Quality Metric

Since clinical application scenarios will not provide information necessary for
external clustering validation, we can exclusively use information intrinsic to the
clustered fibers for validation purposes.

Given the fact that the NCut algorithm optimizes the clustering with respect
to the NCut value (Eq. 1 and Eq. 3), it is reasonable to employ it as part of the
fitness function, i.e. the clustering validation measure, of the genetic algorithm.

As suggested by Brun et al. [3], a Gaussian kernel is applied to construct the
edge weight function

w(i, j) = exp
(

−
‖Φ(i)− Φ(j)‖2

2σ2

)

, (4)

where Φ(i) and Φ(j) denote the feature vectors of two fibers i and j. The param-
eter σ determines how sensitively the weight function responds to dissimilarities
in the feature vectors and is chosen to 0.2.

Although the NCut value qualifies as an objective quality measure, the al-
gorithm might provide spatially illogical clustering results in case of fibers with
similar diffusion properties or if insignificant features are considered. Therefore,
we extend it by including the Silhouette index of the clustering result for a fixed
set of geometric features, i.e. the components of the fibers’ center of gravity. The
Silhouette index S of a clustering is defined by
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S =
1

NC

∑

i

(

1

ni

∑

x∈Ci

b(x)− a(x)

max(a(x), b(x))

)

, (5)

where a(x) and b(x) denote the mean Euclidean distance from i to all points in
the same cluster and to all points in other clusters, respectively. Ci indicates the
i-th cluster, ni the number of points in the i-th cluster, and NC the number
of clusters [8], yielding a value between −1 for the worst and +1 for the best
possible result.

By combining NCutk (Eq. 3) and S (Eq. 5) to our new quality index

QN = NCutk · (1− S), (6)

where a lower value indicates a better clustering result with 0 being the best, we
can objectively measure the clustering quality in feature space, while penalizing
geometrically illogical clusterings.

3 Results

We employed the Fowlkes-Mallows index [9]

FM =

√

TP

TP + FP
·

TP

TP + FN
, (7)

with TP being the number of true positives, FP the number of false positives,
and FN the number of false negatives, to validate our clustering results against
the ground truth FiberCup phantom. A FM index of 1 indicates a perfect clus-
tering result whereas 0 indicates unrelated data. The FM indices for 99 different
bundle combinations with at least three bundles derived from the FiberCup
phantom have been evaluated. We considered all possible combinations of the
aforementioned features (Sec. 2.2) containing at least two features, resulting in
1013 different combinations. The resulting function plots of NCutk and QN over
the FM index for different feature sets are shown in Fig. 2. For both NCutk and
QN the minimum values occurred for the optimal clustering result. However,
NCutk also yielded much larger values for FM = 1.

Both the genetic algorithm and a brute force approach yielded the optimal
clustering result and eliminated the normally distributed test feature from the
feature set as well as all features based on the z-coordinate.

For perfect clustering results, i.e. when FM = 1, the mean NCutk value and
its variance were larger than the mean value and variance of QN , which can be
seen in Tab. 1.

Computing the optimal clustering and feature set of the FiberCup phan-
tom on a PC equipped with an Intel Core i5-760 CPU clocked at 2.80GHz and
16GB RAM took 5970 seconds using a bruteforce approach. The genetic algo-
rithm reduced the computation time by 65% to 2061 seconds, using a population
size of 50 and 20 generations.
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Table 1. Mean values and variances of NCutk and our new quality measure QN for
perfect clustering results of 99 different bundle combinations.

mean value for FM = 1 variance for FM = 1

NCutk 0.0024 4.12 · 10−5

QN 0.0014 1.19 · 10−5

4 Discussion

NCutk, in comparison to QN , yielded greater values for FM values close to one
and had a greater mean value and variance for perfect clustering results, i.e. for
FM = 1. This implies that NCutk rates good clustering results worse than they
really are. In addition, QN yielded greater values than NCutk for FM < 0.35,
indicating that QN penalizes poor clustering results, and therefore makes QN

the better choice for the fitness function of our framework.
The normally distributed test feature (Sec. 2.2) and all features based on

the z-coordinate were discarded. The latter can be ascribed to the fact that the
bundles in the FiberCup phantom lie in one plane. The discarded features were
the ones that did not provide relevant clustering information, proving the feature
selection capability of the proposed framework.

By combining NCutk with the Silhouette index S for a fixed set of geometric
features, we were able to further improve the clustering results. Moreover, we
designed a fast and almost parameter-free clustering framework that can be
applied easily by non-technical users.
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Fig. 2. Quality measure values of a clustering result plotted over corresponding FM in-
dices.



6 Simon Koppers, Christoph Hebisch and Dorit Merhof

References

1. Tuch DS, Reese TG, Wiegell MR, Makris N, Belliveau JW, Wedeen VJ. High angu-
lar resolution diffusion imaging reveals intravoxel white matter fiber heterogeneity.
Magn Res Med. 2002;48(4):577–582.

2. O’Donnell LJ, Golby AJ, Westin CF. Fiber clustering versus the parcellation-based
connectome. Neuroimage. 2013;80:283–289.

3. Brun A, Knutsson H, Park HJ, Shenton ME, Westin CF. Clustering fiber traces
using normalized cuts. Med Image Comput Comput Assist Interv. 2004; p. 368–375.

4. Fillard P, Descoteaux M, Goh A, Gouttard S, Jeurissen B, Malcolm J, et al. Quanti-
tative evaluation of 10 tractography algorithms on a realistic diffusion MR phantom.
Neuroimage. 2011;56(1):220–234.

5. Neher PF, Laun FB, Stieltjes B, Maier-Hein KH. Fiberfox: An extensible system for
generating realistic white matter software phantoms. In: Computational Diffusion
MRI and Brain Connectivity. Springer; 2014. p. 105–113.

6. Goldberg DE. Genetic Algorithms in Search, Optimization and Machine Learning.
1st ed. Boston, MA, USA: Addison-Wesley Longman Publishing Co., Inc.; 1989.

7. Shi J, Malik J. Normalized cuts and image segmentation. IEEE Trans Pattern Anal
Mach Intell. 2000;22(8):888–905.

8. Rousseeuw PJ. Silhouettes: a graphical aid to the interpretation and validation of
cluster analysis. J Comput Appl Math. 1987;20:53–65.

9. Ramirez EH, Brena R, Magatti D, Stella F. Probabilistic metrics for soft-clustering
and topic model validation. In: Proc IEEE WIC ACM Int Conf Web Intell Intell
Agent Technol. vol. 1. IEEE; 2010. p. 406–412.


