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ABSTRACT
Diffusion tensor imaging (DTI) is an MRI-based technology
in neuroscience which provides a non-invasive way to explore
the white matter fiber tracks in the human brain. From DTI,
thousands of fibers can be extracted, and thus need to be
clustered automatically into anatomically meaningful bun-
dles for further use. In this paper, we focus on the essential
question how to provide an efficient and effective similarity
measure for the fiber clustering problem. Our novel sim-
ilarity measure is based on the adapted Longest Common
Subsequence method to measure shape similarity between
fibers. Moreover, the distance between start and end points
of a pair of fibers is also included with the shape similarity to
form a unified and flexible fiber similarity measure which can
effectively capture the similarity between fibers in the same
bundles even in noisy conditions. To enhance the efficiency,
the lower bounding technique is used to restrict the compar-
ison of two fibers thus saving computational cost. Our new
similarity measure is used together with density-based clus-
tering algorithm to segment fibers into groups. Experiments
on synthetic and real data sets show the efficiency and effec-
tiveness of our approach compared to other distance-based
techniques, namely Dynamic Time Warping (DTW), Mean
of Closest Point (MCP) and Hausdorf (HDD) distance.

Categories and Subject Descriptors
H.2.8 [Database Applications]: Data mining

General Terms
Algorithms

Keywords
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1. INTRODUCTION
Diffusion tensor imaging (DTI) is a structural magnetic

resonance imaging (MRI) which helps to measure micro-
scopic movement of water in the brain, and it has been used
to explore organization and integrity of white matter struc-
tures of human brain in vivo. From DTI data, the white
matter tracts can be reconstructed via a process called trac-
tography which estimates white matter tract trajectories by
following likely track directions [13]. This information can
be used in surgical planning and in study anatomical con-
nectivity, brain changes and mental disorders [12].

After tractography, we obtain thousands of fiber trajec-
tories, and they need to be grouped into anatomical mean-
ingful structures before being used. One common method is
based on the knowledge of experts and is referred to as vir-
tual dissection [4]. This method interactively selects fibers
passing through some manually defined region of interests
(ROIs). This process is highly flexible and can help to detect
anatomically meaningful bundles with very different shapes.
However, it is very time consuming and may be biased by
subjective points of view of the experts. Therefore, auto-
matic clustering of white matter fiber tracks is an interesting
alternative for many applications [5, 6, 3].

One essential problem in automatic fiber clustering is to
provide a similarity measure for a pair of fibers. Two fibers
are usually considered as similar if they are separated by
a small distance, have comparable length and similar shape
[6]. However, these criteria may be not sufficient. Two fibers
with different shapes, for example, can be grouped into the
same bundle if they start and end at the same regions [3].
Moreover, due to the scanning process of DTI, each fiber
may contain some amount of noise, which can affect the
similarity between them [4]. Although, there are many pro-
posed techniques in literature [5, 14, 6, 15, 11], much efforts
are going on to find out more effective and efficient proce-
dures.

Among various techniques, distance based similarity mea-
sure ones like Hausdorf distance (HDD), Mean of Closest
Point distance (MCP) [5] and Dynamic Time Warping (DTW)
[14] are widely used. However, their point-to-point distance
measure mechanism is sensitive to noise, which affects the
final distance similarity between pairs of fibers. Moreover,
only the final distance between two fibers is not enough to
tell whether they have a similar shape or they are separated
by a small distance. Thus, this limits their ability to effec-
tively group fibers into meaningful bundles. Besides, with
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HDD, MCP and DTW, their quadratic time complexity is
undesirable, especially for large data sets.

In this paper, we propose a novel similarity measure for
fiber clustering which is based on a modified Longest Com-
mon Subsequence (LCSS) technique. LCSS is specially adap-
ted to points in three-dimensional space to measure shape
similarity, and is less sensitive to noise than other distance
based methods. In addition, the distance between start and
end points of a pair of fibers, which is referred to as dis-
tance similarity, is also incorporated to effectively capture
the complex notion of fiber similarity. As a result, our ap-
proach provides an effective and flexible way to the similarity
between fibers. Besides, to enhance efficiency of our algo-
rithm, we use a lower bounding technique to terminate the
comparison of fibers as soon as it can be omitted, thus saving
computational cost. Our similarity measure is used together
with a density-based clustering algorithm DBSCAN [9] to
group fibers into tracks and eliminate outliers. Experiments
on synthetic and real data sets show that our similarity mea-
sure is superior to rival techniques namely DTW, MCP and
HDD in terms of both efficiency and effectiveness.

2. BACKGROUND AND RELATED WORK
Providing a similarity measure for a pair of fibers is an es-

sential problem for automatic fiber clustering. In the early
work by Brunt et al. [3], two fibers are considered as sim-
ilar if their start and end points are close together. How-
ever, this assumption is not always reasonable, since not
all fibers in a same bundle start and end in the same re-
gions [4]. Furthermore, it also ignores the shape similarity
between fibers. Ding et al. [6] defined the similarity by
using the mean Euclidean distance and segment ratio be-
tween their corresponding segments. However, how to find
a good corresponding segment remains a question. This al-
gorithm also ignores the important roles of the start and end
points of fibers [4]. Zhang et al. [18] used average distance
from points in the shorter fiber to their closest points in
the longer one (if they are larger than a predefined thresh-
old). Later, Courouge et al. [5] introduced three similar-
ity functions: closest point distance, mean of closest point
distance (MCP) and Hausdorff distance (HDD), which are
used widely. These functions measure similarity by using
the point pairs distance between two fibers. Recently, Shao
et al. [14] extended this idea by using Dynamic Time Warp-
ing (DTW) due to its flexibility with varying length fibers.
However, these point-to-point distance-based measure tech-
niques, similar to Zhang et al. [18], are sensitive to noise.
Moreover, their distance measure mechanism is not strong
enough to tell whether two fibers have similar shape or not,
thus limiting their effectiveness. Besides, MCP, HDD and
DTW have quadratic time complexity, which is undesirable,
especially for large fiber data sets.

Assume that we have two fibers P = (p1, · · · , pn) and
Q = (q1, · · · , qn). MCP and HDD are defined as follow [5]:

dMCP (P,Q) = avg(dmcp(P,Q), dmcp(Q,P ))

dHDD(P,Q) = max(dhdd(P,Q), dhdd(Q,P ))

where

dmcp(P,Q) = avgpi∈P {minqj∈Q‖pi − qj‖}
dhdd(P,Q) = maxpi∈P {minqj∈Q‖pi − qj‖}

Let Pi be the first i points of P . DTW distance between P

and Q can be defined as follows [14]:

dDTW (P,Q) =
ddtw
K

where K is the length of warping path [10] and ddtw is
defined recursively as follows [17]:

ddtw(P,Q) = ‖pn − qm‖+min(ddtw(Pn−1, Qm),

ddtw(Pn, Qm−1), ddtw(Pn−1, Qm−1))

Another problem in fiber clustering is choosing a suitable
clustering algorithm. There are many clustering algorithms
such as traditional EM clustering [8], k-nearest neighbors
method [5], spectral clustering [3, 13], hierarchical cluster-
ing [18] and density-based clustering [14]. Of all mentioned
above, we are especially interested in density-based cluster-
ing algorithms due to their abilities to discover clusters with
arbitrary shape and to deal with outliers. Therefore, in this
paper, we decided to use DBSCAN [9], a well-known density-
based clustering algorithm, together with our new similarity
measure to group fibers into bundles.

3. FIBER SIMILARITY MEASURE
After deterministic tractography, a fiber is represented as

an ordered set of points with different arc lengths and dif-
ferent number of points in 3D space. To quantify fiber sim-
ilarity, we use the distance between start and end points
of a pair of fibers as the distance similarity between them.
Distance similarity is then combined with the use of mod-
ified Longest Common Subsequence (LCSS) technique as a
shape similarity measure in a weighted scheme to provide a
unified, efficient and flexible way to capture the similarity
between fibers.

In the following sections, firstly we introduce LCSS tech-
nique and how to use it to compare shape similarity between
two fibers. Secondly, we present lower bounding technique
to reduce the computational cost. Lastly, we discuss the
final similarity measure function and its characteristics.

3.1 Longest Common Subsequence
Longest common subsequence [2] is a classic, famous and

well-studied computer science problem, which finds the long-
est subsequence common to all sequences in a set of se-
quences and is applied in many fields such as bioinformatics
[1] and time series data mining [17]. However, to the best of
our knowledge, it has never been applied to the fiber clus-
tering problem so far.

Assume that we have two sequences, X = (x1, . . . , xn)
and Y = (y1, . . . , ym). We need to find longest common
subsequence Z = (z1, . . . , zk) of X and Y , where there ex-
ists strictly increasing sequence i = (i1, . . . , ik) and j =
(j1, . . . , jk) of indices of X and Y such that for all l =
1, . . . , k, xil = zl and yjl = zl. For example, if X =
(1,2,1,3,2,2,1,3,1) and Y = (1,1,2,2,2,3,3), then Z = (1, 1, 2,
2, 3).

3.2 Shape similarity of two fibers
Assume that we have two fibers A = (a1, . . . , an) and

B = (b1, . . . , bm) in 3D. To measure the shape similarity be-
tween A and B, we build an envelope around A and then
compare this envelope with B. If B is in the envelope of
A then they have similar shape. This kind of comparison
provides a new view for fiber shape similarity, which dif-
fers from the distance-based methods like DTW, MCP and
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HDD. Consider Figure 1, by distance-based mechanism, we
cannot know whether the shape of fiber B or C is similar to
A or not, because Dist(A,B) ≈ Dist(A,C). However, the
envelope scheme successfully discovers that the shape of C
is more similar to A than B, because a large part of C lies
inside the envelope of A.

Figure 1: Both fiber B and C are similar to fiber A
by point-to-point distance-based similarity measure.

This envelope scheme can be simulated by considering
fibers as time ordered sequences of points and using an ex-
tended LCSS model to measure their shape similarity.

Definition 1. Two fibers A and B are close to each other
at position i and j respectively if the point coordinates at i
and j are not different more than a similarity threshold ε.

ai is close to bj ⇔ |ai(x)− bj(x)| ≤ ε
and |ai(y)− bj(y)| ≤ ε and |ai(z)− bj(z)| ≤ ε

Let Ai = (a1, . . . , ai) be the subsequence from position 1 to
i (or prefix with length i) of A.

Definition 2. Given a time constraint δ and a similarity
threshold ε, the length of longest common subsequence of
two fibers A and B, LCSSδ,ε(An, Bm) (or LCSSδ,ε(A,B)),
can be defined as follows:

LCSSδ,ε(An, Bm) =



0 if A or B is empty
1 + LCSSδ,ε(An−1, Bm−1)

if an is close to bm
and |n−m| ≤ δ

max(LCSSδ,ε(An−1, B),
LCSSδ,ε(A,Bm−1)) otherwise

where δ constrains the matching regions in time to avoid
two sequences to be compared at too far away positions,
which may be nonsense and unnecessary. LCSS can be cal-
culated by using dynamic programming approach [2, 17] to
construct a cost matrix Mn×m, where the value of Mi,j can
be calculated by the values of its adjacent cells. The time
complexity of this LCSS model is thus O(δ(n+m)) [17].

Figure 2 illustrates the calculation of LCSS for two fibers
A and B in 1D. The time constrain δ limits the comparison
of the point ai with the points bj with j in [i− δ, i+ δ] only.
Thus, it improves the efficiency of the algorithm. The point
bj is matched with ai if and only if it lies inside the ε-circle
of ai.

The value of LCSS is unbounded and depends on the
length of sequences. Therefore, in order to compare se-
quences of variable length, we need to normalize the cost
[17].

Definition 3. Given a time constrain δ and a similarity
threshold ε, the shape similarity of A and B can be calcu-

Figure 2: The comparison of two fiber A and B by
LCSS technique in 1D with the time constraint δ
and similarity threshold ε. For each point ai in fiber
A, only one point bj in fiber B (with j in [i− δ, i+ δ]),
which lies inside ε-circle of ai, can be matched with
ai.

lated from LCSSδ,ε(A,B) as follows:

Shapeδ,ε(A,B) = 1− LCSSδ,ε(A,B)

min(n,m)

We call Shapeδ,ε(A,B) the shape similarity of two fibers A
and B with respect to the time constraint δ and the simi-
larity threshold ε. The smaller the value of Shapeδ,ε(A,B)
is, the more similar the shape of two fibers A and B are.

3.3 Lower bounding distance
We use the lower bounding distance [17] to further en-

hance the efficiency by eliminating the unnecessary calcula-
tions of LCSSδ,ε.

The lower bounding distance of LCSSδ,ε(A,B) of two
equal length fibers can be calculated by using the Minimum
Bounding Envelope of A (MBEδ,ε(A)) with respect to the
time constraint δ and the similarity threshold ε. To make
it easier to reader, we assume that A and B are now 1D
fibers. However, the notion of the MBEδ,ε can be trivially
extended to 3D [17].

Envlow ≤MBEδ,ε(A) ≤ Envhigh

where {
Envhighi = max(aj) + ε ∀j, |i− j| ≤ δ
Envlowi = min(aj) + ε ∀j, |i− j| ≤ δ

The length of longest common subsequence between B and
MBEδ,ε(A) is defined as follows:

LCSS(MBEδ,ε(A), B) =

n∑
i=1

{
1 if ai in envelope
0 otherwise

In Figure 3, only the parts of B that lie inside MBEδ,ε of
A are used to calculate the upper bound of LCSSδ,ε(A,B)
or lower bound of Shapeδ,ε(A,B).

Lemma 1. LCSS(MBEδ,ε(A), B) is the upper bound
of LCSSδ,ε(A,B) and thus Shapeδ,ε(MBEδ,ε(A), B) is the
lower bound of Shapeδ,ε(A,B) for any time series A and B
[17].
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Figure 3: The Minimum Bounding Envelope (MBE)
of fiber A with respect to the time constraint δ
and similarity threshold ε is used to calculate lower
bounding distance with fiber B. Only the parts of B
that lie inside MBEδ,ε of A can be matched during
the computation of LCSS.

To deal with the varying lengths of fibers, we extend the
concept of this lower bounding by building an envelope for
the longer fiber and compare this envelope with the shorter
fiber. It is simply and straight forward to see that the lower
bounding property still hold. That means: LBδ,ε(A,B) =
Shapeδ,ε(MBEδ,ε(A), B) ≤ Shapeδ,ε(A,B), assuming that
A is longer than B.

This lower bounding distance is specially important when
we do the Range Query Search within a density-based clus-
tering algorithm to find fibers in set D which are similar to
a given query fiber p and similarity threshold ε (Figure 4).

Figure 4: Pseudocode for ε-range query using lower
bounding distance.

3.4 Distance similarity of two fibers
Given two fibers A and B with the start points pA and

pB and the end points qA and qB . We define the distance
similarity between A and B as follows:

Dist(A,B) = ‖pA − pB‖+ ‖qA − qB‖

The distance similarity measures how close the two fibers

start and end. Though, the Gaussian function e
− x2

2σ2 is pre-
ferred [3] to measure similarity, the difference between the
Gaussian and the linear function is negligible in our experi-
ments. Thus, we chose the linear function. However, despite
of the used functions, data should be normalized to acquire
the homogeneousness among different data sets. This will
make the selection of parameters much easier.

3.5 Unified fiber similarity measure
We define the similarity between two fibers A and B as a

weighted sum of their shape and distance similarities.

Simδ,ε,α(A,B) = α · Shapeδ,ε(A,B) + (1− α) ·Dist(A,B)

where α lying between [0, 1] is used to control the balance
between the shape and distance similarities.

The shape similarity includes the notion of fiber similar-
ity of Ding et al. [6]. And the distance similarity captures
the notion of fiber similarity of Brun et al. [3], which is
also close to the use of manual ROIs of Catani et al. [4].
Simδ,ε,α(A,B) unifies the notions of fiber similarity pro-
posed so far. We will show that, it is an effective method to
measure similarity between fibers.

The use of α provides not only a unified notion but also a
flexible way to enhance the effectiveness of fiber similarity.
When the two fibers A andB belong to two close bundles, for
example, Arcuate and Superior Longitudinal Fasciculus in
Figure 5, it may be hard to distinguish them under Shapeδ,ε.
In this case, the use of α can improve the effectiveness of the
algorithm by making the distance similarity more important.

Figure 5: Two bundles Arcuate and Superior Longi-
tudinal Fasciculus are close to each other and hard
to distinguish.

3.6 Other important characteristics of LCSS
Due to the process of DTI tractography, the fibers may

contain noise, which can affect the similarity between them
[4]. Consider Figure 6, assume that A and B in the upper
part are two real fibers and in the lower parts are noisy
fibers. We calculate DTW, HDD, MCP and SIM10,0.2,1 to
see the effect of noises in each measure. We can see that,
SIM is more robust to noise than other methods. The value
of SIM didn’t change, because the noisy part is ignored in
the calculation of SIM.

Another problem occurs when we try to consider a spa-
tial fiber as an time ordered sequence of points. Depending
on the way we write down the value of A (normal or reverse
order), the similarities between A and B shall be very differ-
ent. This phenomenon often happens in DTI tractography,
when one fiber is recognized in a direction contrary to the
rest in a group. To overcome this problem, we use 2-phases
approach: first calculate the similarity between (A, B) and
(Rev(A),B) and then choose the smallest result, as follows:

Sim2δ,ε,α(A,B) = min(Simδ,ε,α(A,B), Simδ,ε,α(Rev(A), B))

Figure 7 a) shows the result of the clustering using 1-
phase approach, there are many false direction fibers which
couldn’t be correctly grouped. Figure 7 b) shows perfect
cluster result (exactly the same as gold standard) if we use
2-phases approaches.
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Figure 6: The effect of noise on different similarity
measure functions between two time series A and B.
SIM is more robust to noise than other methods.

Figure 7: The results of clustering using 1-phase
similarity measure (10 clusters) a) and 2-phases sim-
ilarity measure (5 clusters) b). The 2-phases ap-
proach produces the gold standard exactly.

MCP and HDD are not affected by this phenomenon be-
cause they measure the similarity by using the distance be-
tween each point in fiber A and their closest point in fiber
B. DTW and LCSS technique, on the contrary, are affected
by this phenomenon, since they consider fibers as time or-
dered sequences and constrain the comparison of them in an
incremental way.

4. DENSITY-BASED CLUSTERING
In density-based clustering methods, clusters are consid-

ered as areas of high object density and separated by areas
of low object density. This notion has several attractive
benefits. Users do not need to specify the number of clus-
ters. It can detect clusters of arbitrary shape, and is robust
to noise and outliers. Among many proposed approaches
namely DENCLUE, OPTICS and DBCLASD, DBSCAN [9]
is the well-known one. It is based on the idea that each point
of a cluster has to contain at least minpts points within its
eps-neighborhood. The algorithm DBSCAN maintains the
seed list which contains a set of seed objects S for cluster
expansion. Figure 8 shows the pseudo code for DBSCAN
clustering algorithm.

DBSCAN requires 2 parameters: minpts and eps, which
can be estimated from a sorted k-dist graph [9].

5. EXPERIMENTS
In this section, we present our experiments on synthetic

and real data sets to prove the efficiency and effectiveness of
our algorithm. Part of the real data sets was extracted from

Figure 8: Pseudo code for DBSCAN algorithm used
in our work.

the labeled data set acquired from PBC Brain Connectivity
Challenge - IEEE ICDM - Fall 2009 (http://pbc.lrdc.pitt.edu/
?q=2009b-home). This data set contains 250000 fibers. How-
ever, only 29029 fibers belonging to 8 famous bundles are
labeled. The other data sets are provided by our experts.
All of them are normalized by scaling their bounding boxes
to ensure that they do not exceed the range [-1,1] on each
coordinate. Our algorithm is implemented in Java together
with Mathlab as visualization tools. All experiments are
conducted on Laptop with CPU Core i7 1.6 Ghz, 6GB Ram.

5.1 Parameters and cluster validation
To compare the clustering results with the gold standards,

we used two different measure methods. The first one is
the information-theoretic external cluster-validity [7], which
measures how useful the calculated cluster labels are as pre-
dictors of the gold standard cluster labels. The smaller and
closer the value of DOM to the coding cost of gold standard
is, the better the result is. The second one is Normalized
mutual information (NMI) [16], which measures the mutual
dependence of the cluster result and the gold standard. The
result is in [0,1], with 0 means that the cluster result is inde-
pendent with the gold standard and 1 means that the cluster
result is the same as the gold standard. These methods, in
contrast to others namely Rand Index or Cluster Purity, can
compare results with different numbers of clusters. To make
it easier to compare DOM and NMI, we also use normalized
DOM cost (nDOM) by dividing the gold coding cost and the
cluster coding code to obtain value in (0,1].

To ensure fairness while comparing different approaches,
we use exhaustive searches over parameter spaces to find
the best parameter combinations for each approach. For ex-
ample, with the parameter eps of DBSCAN, we explore the
search space from the minimum value 0.01 to 1.0 with search
step 0.01 to ensure that we do not miss any good results.
To avoid confusing readers with too many parameters, we
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report the parameter eps of DBSCAN only. For the other
parameters, the default values are δ = 50, ε = 0.05 and
α = 0.8 for SIM and minpts = 5 for DBSCAN unless other-
wise stated. The detailed discussion about the parameters
can be found in the last part of this section.

5.2 Effectiveness of Similarity Measure
In this section, we will compare the effectiveness of our

new fiber similarity measure with some well-known tech-
niques, namely DTW, HDD and MCP. Our algorithm (SIM)
and DTW are run in 2-phases (while the algorithm from
Shao et al. [14] only run in 1-phase).

The synthetic data set (Syn) contains 520 fibers in 10
clusters with 5 clusters of straight lines, 2 cluster of helices, 3
clusters of fiber-like objects and 8 outliers which are added to
demonstrate the ability of the algorithms to detect outliers.
Figure 9 shows the best found cluster results of SIM, DTW,
MCP and HDD (outliers are always drawn in black). All
techniques can recognize exactly the 10 clusters. However,
only SIM can procedure exactly the gold standard. DTW
and MCP fail to classify several fibers and HDD is even
worse.

Figure 10 shows cluster results on a real data set. This
data set (Rel) was randomly extracted from the PBC data
set and contains 500 fibers belonging to 5 bundles namely
Arcuate, Cingulum, Fornix, Inferior Occipitofrontal Fasci-
culus and Superior Longitudinal Fasciculus. Moreover, five
fibers from other bundles are randomly extracted and added
into this data set as outliers. Only SIM can produce gold
standard exactly. Apart from minor errors, DTW detects
the 5 clusters, while MCP and HDD result in 6 clusters.

Let consider another aspect of the effectiveness of similar-
ity measure. As we know, the parameter eps of DBSCAN
specifies the range of the core objects. Thus, it plays an
important role to distinguish fiber bundles. Therefore, a
better similarity measure should support the wider range of
eps (assume that we fixed minpts). In this experiment, we
let eps run in the range from 0.01 to 1.0 with step size 0.01
and count the numbers of eps values which result in cluster
scores better than a predefined threshold (0.9 for NMI and
70% of gold standard for DOM) on the same data set used
in Figure 10. As we can see from Figure 11, SIM supports
the widest range of eps, so it is the most robust technique
for fiber clustering. The results are also the same with all
other data sets in our experiments.

To see how these techniques perform in noisy environ-
ments, we add 5% random Gaussian noise into the synthetic
data set used in Figure 9. We also put two point outliers
into two random fibers to make the data set (Synnoise) more
difficult. While all other techniques were affected by noises,
SIM is totally not affected. It still produced gold standard
exactly. Moreover, all point-to-point distance measure tech-
niques can not group the two fibers with local outliers, be-
cause the outliers significantly affect the comparison of pairs
of fibers. However, with SIM, those points are just ignored
during the comparison of fibers. Thus they have little effect
on the final similarities. As a result, SIM is more robust to
noise than any other distance based techniques.

5.3 Efficiency of Similarity Measure
To study the efficiency of the algorithms, we do an se-

quential ε-range search on a fiber data set with 10000 ob-
jects with LCSS, DTW, MCP and HDD. Two parameters

Figure 13: Comparison of efficiency between differ-
ent fiber similarity measure techniques.

δ and ε of LCSS are set to 50 (about quarter of average
fiber lengths) and 0.2 respectively. Figure 13 shows running
time of range query on LCSS and DTW (with and without
lower bounding distance), MCP and HDD. We can see that
LCSS with lower bounding techniques outperforms DTW,
MCP and HDD at all. It is easy to understand since the
time constraint δ of LCSS limits the comparison paths thus
saving computational cost. The tightness of lower bound-
ing distance [10] of LCSS is also higher than of DTW [14],
about 79% for LCSS and 28% for DTW in real data sets.
To cluster the data set (Rel) in Figure 10, DTW finished in
49 seconds while our algorithm (SIM) in only 10 seconds.
MCP and HDD completed only after 106 and 105 seconds.

Fibers 5000 15000 25000 50000
nDom 0.539 0.573 0.553 0.456
Nmi 0.956 0.935 0.937 0.931
Times(s) 101 479 1201 4853

Table 1: Running times and scores of our algorithm
(SIM) on some real data sets which contain 5000 to
50000 fibers.

Table 1 shows the running times and scores of our algo-
rithms in some real data sets extracted randomly from PBC.
Only a quarter of fibers are labeled in each data set, the rest
is unlabeled. We score the results only on labeled fibers.
Our algorithms run very fast with good scores compared
with other techniques. For example, to cluster the data set
with 5000 fibers, DTW needs 1557 seconds to reach the same
score as SIM, while MCP and HDD are much slower.

5.4 Fiber clustering on real data sets
Figure 14 demonstrates the clustering ability of our algo-

rithm on 3 real data sets. These data sets are also extracted
randomly from the PBC labeled data set with 8 bundles
namely Arcuate, Cingulum, Fornix, Inferior Occipitofrontal
Fasciculus, Superior Longitudinal Fasciculus, Forceps Ma-
jor and Corticospinal. They contain 5, 6 and 8 different
bundles with 500, 1200 and 1500 fibers respectively. Also
5 fibers from other groups are added into each data set as
outliers. All of them are clustered exactly as gold standard.
Note that, DS3 is clustered with α = 0.6.
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Figure 9: Effectiveness of different similarity measure techniques for synthetic data. Only SIM produced
exactly the gold standard. Best results are obtained with eps = 0.23, 0.18, 0.08, 0.25 respectively.

Figure 10: Effectiveness of different similarity measure techniques for real data. Only SIM produced exactly
the gold standard. Best results are obtained with eps = 0.44, 0.1, 0.06, 0.26 respectively.

Figure 15 shows cluster results for some real data sets
proposed by our experts to assess our algorithm. Although
we do not have the gold standards to compare, all results
were well-confirmed by our experts. DF2 was clustered with
δ = 100 and DF3 was clustered with δ = 100, ε = 0.1 and
α = 0.5. The data sets DF1, DF2 and DF3 are acquired
from Shao et al. [14].

5.5 How to select the parameters
Although SIM is superior to other techniques in terms of

efficiency and effectiveness, it requires 3 more parameters:
the time constraint δ, the similarity threshold ε and the
weight α, which may confuse us at the first glance. However,
these parameters are actually easy to set up.

The first parameter δ strongly affects the efficiency rather
than effectiveness of the algorithm, thus we can easily select
its value. However, too small values lead to very narrow
comparison ranges and decrease the flexibility of the shape
similarity measure (especially for fibers with very different
lengths). Conversely, too high values make the algorithm
slower. In our experiments, the results depend slightly on
the value of δ. So, we simply choose δ about a quarter of
the average length of all fibers.

The second parameter ε affects slightly the effectiveness
of the algorithm. However, if we choose too small value, we
cannot capture shape similarity of fibers in the same group,
because they shall fall outside the envelope of each other,
thus they are totally different to one another under LCSS.
If ε is too big, we could not distinguish fibers from different
groups because they look similar under LCSS. Therefore,
ε should be chosen to ensure that the envelope of one fiber
can contain sufficient number of fibers (about minpts fibers)
from the same group. The value of ε can be estimated if we
visualize the data. In our experiments, we simply choose
ε = 0.05 for most cases.

The last parameter α plays more important role. It con-

trols the balance between the shape and distance similarity.
Thus, it affects the effectiveness of our algorithm. To han-
dle it correctly, we need to understand clearly the correlation
between α and the cluster results on each kind of data sets.
Figure 16 shows the relationship between different values of
α and NMI scores, DOM scores as well as their eps ranges
(with the threshold of 0.95 for NMI and 80% for DOM) on
three real data sets DS1, DS2 and DS3 in Figure 14. As we
see, each data set depends on α in slightly different ways.
But all of them acquire good and stable performances when
α ≥ 0.3. Besides, the eps ranges in all data sets increase
with α, which means that the larger the value of α is, the
better and more flexible our algorithm is. Due to its widely
acceptable range, the choice of α is also not so hard. In all
our experiments, we simply set α = 0.8 and that is enough
for most of the data sets. The choice of α = 0.5 is also
acceptable.

Syn Synnoise Rel DS1 DS2 DS3
SIM 1 1 1 1 1 1
Shape 1 1 0.961 1 1 0.986
DTW 0.993 0.986 0.969 1 1 0.976
MCP 0.996 0.989 0.941 1 1 0.976
HDD 0.969 0.964 0.944 0.925 0.952 0.945

Table 2: NMI scores of some measure techniques on
some data sets.

We emphasize that even if we do not need distance simi-
larity and thus set α to 1, Shapeδ,ε is still better than MCP,
HDD and DTW. With data set DS3, NMI score of Shapeδ,ε
is 0.986, higher than 0.976 of DTW and MCP, and 0.945
of HDD (see Table 2). Therefore, the use of distance simi-
larity improve the good cluster results acquired with shape
similarity towards the desired results.
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Figure 11: Effectiveness of different similarity measure techniques based on the range of eps. SIM can
distinguish bundles better than other techniques.

Figure 12: Effectiveness of different similarity measure techniques on noisy synthetic data. Only SIM pro-
duced exactly the gold standard. Best results are obtained with eps = 0.25, 0.17, 0.07, 0.25 respectively. Two
fibers with local outliers are marked in black circle.

Figure 14: Cluster results for 3 data set DS1, DS2 and DS3 with eps = 0.63, 0.53, 0.45 respectively.

Figure 15: All of data sets are well grouped according to our experts (with eps = 0.12, 0.25, 0.285, 0.16 respec-
tively).

Figure 16: The relationship between α (x-coord) and cluster score NIM and DOM as well as their eps ranges
(y-coord) on three real data sets DS1, DS2 and DS3.
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The selection of two parameters of DBSCAN, namelymin-
pts and eps, is out of the scope of this paper. However, in-
teresting readers can refer to Ester et al. [9] for more details.

6. DISCUSSION
LCSS provides a new view about shape similarity mea-

sure. It also has point-to-point mechanism like MCP, HDD
and DTW. However, while these distance-based technique
can only detect whether two fibers are separated by a small
distance or not, LCSS can provide us more information, for
example, the shape similarity between fibers, etc.

The use of distance similarity enhances the effectiveness
of our algorithm and also provides a flexible way for experts
to customize the notion of fiber similarity. Depend on their
opinions and their purposes, the experts can decide which is
more important: the shape or distance similarity by setting a
suitable value for α. Thus, they may have further diversified
views of the white matter structure.

However, our similarity measure does not perform well
when two fibers contain very few and far-away points. This
happens when we do the tractography with very low reso-
lution DTI images. This situation can be overcome by re-
constructing the fiber trajectories so that each fiber contains
more points.

7. CONCLUSION AND FUTURE REMARKS
In this paper, we propose a novel similarity measure for

fiber clustering by combining shape similarity and distance
similarity into a unified and flexible method. Longest com-
mon subsequence (LCSS), which is specially adapted to deal
with 3D continuous values, is used to measure the shape
similarity between fibers. The distance between start and
end points of fibers is used as a distance similarity. Our
new measure is used together with well-known density-based
clustering algorithm DBSCAN to evaluate its efficiency and
effectiveness. We summarize the results as follow:

Firstly, our fiber similarity measure shows better effective-
ness than other techniques namely MCP, HDD and DTW,
even if we use only the shape similarity measure. Secondly,
due to its mechanism, LCSS is much more robust to noise
than other techniques. And so is our fiber similarity mea-
sure. Thirdly, the use of lower bounding technique greatly
reduces the computational cost. Thus, our algorithm runs
much faster than DTW, MCP and HDD. Finally, the combi-
nation of shape and distance similarity provides an intuitive
and flexible way to capture similarity between fibers.

Our future works aim at the use of dimensionality reduc-
tion techniques to improve the performance of the similarity
measure as well as the use of different kinds of clustering
algorithms.
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