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Nonrigid Point Set Matching of White Matter Tracts
for Diffusion Tensor Image Analysis

Matthan W. A. Caan∗, Lucas J. van Vliet, Charles B. L. M. Majoie, Maaike M. van der Graaff,
C. A. Grimbergen, and Frans M. Vos

Abstract—Patient studies based on diffusion tensor images (DTI)
require spatial correspondence between subjects. We propose to
obtain the correspondence from white matter tracts, by introduc-
ing a new method for nonrigid matching of white matter fiber
tracts in DTI. The method boils down to point set registration that
involves simultaneously clustering and matching of the data points.
The tracts are implicitly warped to a common frame of reference
to avoid the potential bias toward one of the datasets. The algo-
rithm gradually refines from global to local registration, which
is implemented through deterministic annealing. Special care was
taken to incorporate the spatial relation between fiber points and
the uncertainty in principal diffusion orientation. As a result, the
computed clusters are oriented along the fiber tracts and discrimi-
nate between adjacent but distinct fiber tracts. This is validated on
synthetic and clinical data. The root-mean-squared distance with
respect to expert-annotated landmarks is low (3 mm). In contrast
to a state-of-the-art nonrigid registration technique, the proposed
method is more robust to residual misalignments in terms of mea-
sured fractional anisotropy values.

Index Terms—Diffusion tensor imaging (DTI), fractional
anisotropy (FA)-profiles, fiber tract matching, tractography.

I. INTRODUCTION

MAGNETIC resonance diffusion tensor imaging (DTI)
measures the diffusion of water. Complementary to

anatomic MR imaging, DTI can visualize structural informa-
tion about the integrity of white matter tracts [1]. It was first
described around a decade ago by Basser [2], [3]. A still grow-
ing number of studies now specifically uses DTI to analyze
changes in brain structure due to pathological processes.
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Prior to a group-wise comparison of feature values, for
instance, by voxel- or tract-based analysis of the fractional
anisotropy (FA), spatial normalization of the data is needed.
Conventionally, registration is based on a predefined set of fea-
tures derived from the data, which act as fiducials. Clearly, one
must take care that these features do not interfere with those used
in the analysis afterward. For instance, if changes in white mat-
ter structure are to be expected, features describing this structure
should not be used. Doing so may cause differences to become
away.”

In this paper, we propose a new registration algorithm for
white matter fiber tracts, based on white matter tract geometries,
leaving the FA for subsequent patient studies. Registration and
data analysis then use different image features.

Over the last few years, several nonrigid registration algo-
rithms have been proposed for DTI data analysis. Ruiz-Alzola
et al. [4] identify landmarks in the tensor field by means of
structure analysis, which drive the registration through local
template matching. An elastic registration scheme of Alexander
and Gee [1] optimize a tensor similarity measure per voxel. The
tensors are reoriented only after registration. The problem of
applying image warps to DTI was addressed in [5], in which
the principal orientation as well as the plane spanned by the two
largest eigenvectors of the tensor are preserved. Both Guimond
and Roche [6] and Jones et al. [7] used rotationally invariant
metrics derived from the tensor to achieve spatial normaliza-
tion. Rohde et al. [8] and Park et al. [9] treated tensor image
registration as a multichannel problem. They showed that the in-
clusion of orientation information can improve the accuracy of
the registration result. Cao proposed a diffeomorphic mapping
of both principal eigenvector [10] and tensor fields [11]. The ten-
sor reorientation was incorporated in the optimization. Zhang
et al. [12] also explicitly optimized the orientation using a sim-
ilarity measure, based on the tensor as a whole. Local changes
are corrected for by using a piecewise affine transform. Alter-
natively, a pairwise comparison of tensor components based on
mutual information was proposed, with a viscous fluid defor-
mation model [13]. Yeo et al. [14] employed an exact finite-
strain differential for accurate diffusion tensor registration. Lee-
mans et al. [15] presented a registration method that focuses on
fiber tracts. The method particularly implements a rigid registra-
tion, making it suitable for intrasubject registration. Corouge et
al. [16] used Procrustes analysis for affinely matching fibers and
Maddah achieved arc-length tract representations by joint prob-
abilistic clustering and point-by-point mapping [17]. Recently,
Eckstein chose to estimate a deformable fiberbundle model, si-
multaneously with the tensor field, skipping the fiber tracking
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step [18]. This work relies on an accurate initialization by a
nonrigid registration algorithm.

We consider the registration to be just one step in the whole
process of analyzing DTI data. In our opinion, the objective
of the analysis is a crucial aspect in designing the registration
framework. Previous work on DTI image registration (described
earlier) concentrates on the alignment, without considering the
effect on subsequent analysis. We will demonstrate that doing so
discards small, but important, changes in white matter structure
that may be crucial for early diagnosis of neurodiseases.

We propose a registration method, based on a tractography
representation derived from the DTI data. Thereby, not the dif-
fusion shape, but its orientation is used to realize a spatial nor-
malization. It is assumed that there may be local differences in
the shape of the tensors, but that the global course of white mat-
ter tracts is not affected. Consequently, comparing tensor shape
information after the data have been registered is allowed.

Registration aims at maximizing correspondence between the
scans of interest. Fortunately, the intersubject anatomical corre-
spondence is high in the main white matter tracts. We restrict the
analysis to these tracts, thereby avoiding confusion, induced by
low-correspondence regions such as the gyri. A limited num-
ber of degrees of freedom is assumed to suffice for adequate
modeling intersubject variability in these tracts.

In the proposed method, the fiber tracts are represented as
point sets. It will be shown that the concept of Chui’s point
set matching framework [19] applies. A clustering of the data
results in a series of landmarks, driving the registration. Pre-
viously, we presented preliminary work using the classic Chui
approach on a limited amount of data [20]. Chui’s algorithm
is extended by simultaneously incorporating information about
the orientation of the fiber tracts as well as the uncertainty in
principal orientation. As a result, the computed clusters are pre-
dominantly oriented along single fiber tracts even when fiber
tracts are in close proximity. By following a deterministic an-
nealing scheme, the algorithm gradually refines from global to
local matching. A thin plate spline models the nonrigid defor-
mation. An atlas space is formed to which all the input datasets
are warped, thus preventing a possible bias toward one of the
datasets.

II. BACKGROUND

A. Data Acquisition and Reconstruction

The diffusion can be described by a rank two 3× 3 symmet-
rical tensor D. Diffusion manifests itself as an attenuated signal
if a direction encoded diffusion weighting is applied.

Si = S0exp
(
−bgT

i Dgi

)
. (1)

In this equation, gi is a normalized vector, corresponding to the
ith direction of diffusion encoding and b is a constant reflecting
the degree of diffusion encoding [21]. The attenuated signal Si

relates to a reference measurement S0 without diffusion weight-
ing. At least six diffusion weighted images (DWIs) in different
gradient directions gi are needed. Then, a linear system of (1)
is build, from which the tensor D may be computed [21], [22].

Fig. 1. (a) One axial slice showing the uncertainty in the principal diffusion
orientation, θ95% , (b) corresponding FA image.

The fractional anisotropy (FA), [23] is a commonly used
scalar measure derived from the eigenvalues λ1...3 of the tensor
D, written as

FA =
(λ1 − λ2)2 + (λ1 − λ3)2 + (λ2 − λ3)2

√
2
√

λ2
1 + λ2

2 + λ2
3

. (2)

The FA describes the anisotropy of the diffusion and is sensitive
to subtle changes in white matter.

Conventionally, an antipodal diffusion profile is assumed, i.e.,
measuring in positive and negative gradient direction will result
in an equal signal attenuation. By diagonalizing D, eigenvectors
vi and values λi are obtained, indicating the principal orienta-
tions and the diffusion component along these orientations.

B. Uncertainty in Principal Diffusion Orientation

All MR images are hampered by noise, which will induce
an uncertainty in the estimation of the diffusion parameters.
The precision of the principal direction can be determined from
repetitive image acquisitions. However, this is time expensive
and will be susceptible to motion artifacts. Instead, a bootstrap-
ping approach is used [24] to obtain a robust measure for the
precision in the principal direction, based on a single dataset.

An imaging sequence containing pairs of positive and nega-
tive gradient directions is assumed. Subsets of the DWIs with
either the positive or negative gradient direction of each pair
are randomly chosen. Subsequently, the principal diffusion di-
rection field is computed, based on this subset of DWIs. Based
on these results, a cone whose opening angle θ95% is defined in
such a way that 95% of the found eigenvectors fall inside the
cone. For anisotropic tensors, θ95% will be small, whereas for
isotropic tensors θ95% ≈ π.

Here, the uncertainty in principal direction is calculated in 50
iterations. Then, θ95% is defined by the angle between eigenvec-
tor 47 (∼ 95% of 50) and the mean eigenvector. Fig. 1 displays
θ95% for one axial slice, as well as the corresponding FA. It
illustrates that the uncertainty is smallest for the large tracts and
larger in the areas of gray matter.
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C. Dyadic Coherence

The dyadic tensor 〈v1v
T
1 〉 =

∑P
j=1 vj

1v
jT
1 [25] is used to de-

scribe the coherence between P principal eigenvectors. The
dyadic coherence κ yields

κ = 1 −
√

β2 + β3

2β1
(3)

where β1,2,3 are the sorted eigenvalues of the dyadic tensor.
κ equals one for aligned and zero for uniformly distributed
eigenvectors.

III. FIBER TRACT MATCHING

A. Feature Selection

The fiber tract matching is initiated by first identifying the
structures of interest. The focus in this paper will be on the
corticospinal tract, forceps major, cingulum, and inferior lon-
gitudinal fasciculus. The selection of the tracts is supported by
the continuous tracking or fast asynchronous combinatioral test-
ing method, as implemented in DTIStudio software [26]. After
initial tracking from all brain voxels (i.e., brain tractography”),
subsets of fibers (corresponding to structures of interest) are se-
lected using multiple Regions of Interest (ROIs). Each individ-
ual fiber is represented as a point set via the spatial coordinates
at which the fiber is sampled. The connection between subse-
quent points is not used in the matching. However, it will be
shown that by using the principal eigenvector field, orientation
information is included in the algorithm.

B. Classic Point Set Registration

We will now go into the fundamentals of classic point set
registration [19] and then extend the method to the registration of
diffusion tensor data. The whole process of point set registration
contains three aspects that act simultaneously: 1) clustering the
points in each point set; 2) mapping estimation to warp the
cluster center points to one another; and 3) atlas (mean shape)
estimation. In fact, the method aims to derive a “common frame
of reference,” the atlas, which represents the mean shape of the
point sets.

Let P denotes the number of datasets to be aligned. Each
dataset p ∈ {1, . . . , P} is represented by a point set (in our
case obtained by sampling the fiber tracts). A point-set Xp

consists of Np points Xp = {xp
i , i = 1 . . . Np}. A Gaussian

mixture model is used to model each point set. Accordingly,
a set of cluster center points is defined, one for each point
set, denoted by Cp = {cp

a |a = 1 . . . K}. Note that there are K
cluster center points for each point set. An atlas cluster point set
Z = {za |a = 1 . . . K} is defined that is to explain the cluster
centers over all point sets. fp denotes the transformation that
performs a warping of points.

A mixture of Gaussian models the density of the point set.

p(Xp |Cp,Σp
a) =

N p∏

i=1

K∑

a=1

p(xp
i |cp

a ,Σp
a) (4)

in which

p(xp
i |cp

a ,Σp
a) =

1

(2π)
d
2 |Σp

a |
1
2
e−

1
2 (xp

i
−cp

a )T (Σp
a )−1 (xp

i
−cp

a ) (5)

are the probability distributions associated with each cluster,
with Σp

a is the covariance matrix of the cluster. For the sake of
simplicity, Chui defined the covariance matrices to be isotropic,
diagonal, and identical. We will use the structure of our data
and extend the algorithm to nonidentical anisotropic covariance
matrices in the next section. For that reason, we continue a
notation that incorporates Σp

a .
The objective function to be minimized was derived to be [19].

ETPS(f) =
N p∑

i=1

K∑

a=1

mp
ai |x

p
i − cp

a |2

+
K∑

a=1

|za − fp(cp
a)|2

+ γs‖Lfp‖2 + T

N p∑

i=1

K∑

a=1

mp
ai log mp

ai

∀a ∈ {1, . . . , K},∀p ∈ {1, . . . , P} (6)

in which the new membership variable mp
ai indicates the degree

to which a point feature” xp
i belongs to cluster center point cp

a .
It is assumed that mp

ai > 0 and
∑K

a=1 mp
ai = 1. L is a regu-

larization operator, the Laplacian, which results in a thin-plate
spline [27], [28]. T is a temperature parameter as in simulated
annealing (see the following), preceding an entropy term.

The first term in the equation,
∑N p

i=1
∑K

a=1 mp
ai |x

p
i − cp

a |2 ,
reflects the extent to which the cluster center points represent
the point set. The cluster center points are warped toward the
atlas point set, the deviation from which is accounted for by
the second term

∑K
a=1 |za − fp(cp

a)|2 . The amount of bending
is represented by the third term γs‖Lfp‖2 . The regularization
parameter γs defines the weight of the bending term in relation
to terms 1 and 2.

A deterministic annealing approach is used to assist the
registration process to gradually refine from global to local
matching. In effect, the temperature T in the fourth term
T

∑N p

i=1
∑K

a=1 mp
ai log mp

ai corresponds to the scale at which
matching is taking place. T is gradually decreased such that the
clusters first globally and then locally describe the data, i.e., the
influence of the fourth term is gradually reduced. The initial
temperature Tinit and final temperature Tfinal are a priori de-
fined. T is lowered after each iteration: Tind+1 = αTind , with
0 < α < 1.

The membership mp
ai is defined by Chui as

mp
ai =

qp
ai∑K

a=1 qp
ai

∀a, I (7)

with

qp
ai = exp

(
− 1

2σ2 |x
p
i − cp

a |2
)

. (8)

assuming isotropic covariance matrices (Σp
a = σ2I). The tem-

perature is defined to be the variance in equation 8, T = σ2 . The
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algorithm proceeds in an iterative manner. The cluster center
points are initiated at random offsets near the center of gravity.
They are recomputed after each iteration, using

cp
a =

∑Np

i=1 mp
aix

p
i∑Np

i=1 mp
ai

∀a ∈ {1, . . . , K} ∀p ∈ {1, . . . , P}. (9)

The atlas points are formed by averaging the cluster center
points.

za =
1
P

P∑

p=1

cp
a . (10)

The transformation fp is a combination of an affine and non-
rigid thin-plate spline transform. Using homogeneous coordi-
nates, it is expressed as

fp(ca ,D,W ) = cp
aD + Φ(cp

a)W (11)

with a 4 × 4 sized affine transformation matrix D and an K × 4
sized matrix W containing the spline transform coefficients.
The 1 × K kernel function Φ(cp

a) yields

Φ(cp
a) = − (‖cp

1 − cp
a‖ ‖cp

2 − cp
a‖ · · · ‖cp

K − cp
a‖) .

(12)
The optimization of the transformation can be written explic-

itly [29]. Let Z and C be matrices of concatenated atlas points
zp
a and cluster center points cp

a . A QR-decomposition results in

Z = [Q1Q2 ]
(

R
0

)
. (13)

The transformation matrices (D̂, Ŵ ) are regularized using a
variable γs and have been derived to be [29]

Ŵ = Q2(QT
2 ΦQ2 + γsI)−1QT

2 C (14)

D̂ =
(
RT R + γsI

)−1
(
RT QT

1 (C − KŴ ) − RT R
)

(15)

C. Clustering Fiber Tracts

The algorithm mentioned earlier was successfully applied to
describe object boundaries in 2-D and 3-D images [19]. Isotropic
clusters (represented in the covariance matrices) were assumed
while doing so. We now wish to extend the method to the regis-
tration of fiber tracts, which not only improves the method but
also makes it suitable for use in comparative studies of diffu-
sion shape. Let us shortly go into two fundamental differences
associated with our application.

First, each fiber tract is described as a volumetric, 3-D point
cloud in contrast to the 1-D, respectively 2-D boundary repre-
sentations in the original application. Note that the mixture of
Gaussian model implicitly allows for a volumetric representa-
tion. Actually, it will be demonstrated that such a 3-D cluster
representation is a prerequisite needed to avoid misregistration
(see the following).

Second, we will explicitly benefit from the diffusion orien-
tation information that is available in the diffusion tensor per
voxel. The cluster covariance matrix Σp

a will be adopted to lo-
cally reflect the mean as well as the uncertainty of the principal

diffusion orientation field. What is more, the clustering is to
be further restricted to single tracts (such as the cingulum), if
multiple tracts are in close proximity. This restriction aids in
determining correspondence between datasets in registration.
Imposing such a constraint will be discussed in the next section.

Let us first incorporate the uncertainty of the fiber tract ori-
entation into the cluster covariance matrix Σp

a of (5). To that
end, an uncertainty tensor Up

i is defined in each point xp
i , ori-

ented along the local diffusion tensor Dp
i , whose eccentricity is

determined merely by the uncertainty in the principal diffusion
orientation.

The eigenvalues λa,1...3 of Up
i are defined as an angle devia-

tion of θ95% with respect to π :

λa,2 = λa,3 =
θ95%

π
λa,1 . (16)

Additionally, the determinant |Up
i | is determined by the temper-

ature

|Up
i | = λa,1λa,2λa,3 = T 2/3 (17)

which implies

λa,1 =
(

π

θ95%

)2

T 2/3 . (18)

The opening angle of the 95%-confidence cone in these equa-
tions θ95% is calculated as proposed in Section II-B. Equation
17 implies that the determinants of the covariance matrices are
the same for all clusters.

Given the matrix V of normalized eigenvectors v1...3 from a
tensor Dp

i , Up
i is written as

Up
i = V T

⎛

⎝
λa,1 0 0
0 λa,2 0
0 0 λa,3

⎞

⎠ V (19)

so that both the uncertainty and the orientation field are repre-
sented. Note that V may be considered to be a rotation matrix
that is used to properly align the uncertainty tensor.

Let Sp be the set of voxels included in the tractography. Now
Up

i can be locally averaged, to obtain Σp
a

Σp
a =

∑

xp
i
∈S p

p(xp
i |cp

a ,Σp
a)Up

i (20)

in which the weight p(xp
i |cp

a ,Σp
a) is calculated via (5), which

involves Σp
a taken from the previous iteration (we start with an

isotropic tensor).
The covariance matrix thus calculated is needed for the cal-

culation of the cluster center points (9). It may be observed that
this computation (which uses the underlying diffusion tensor) is
performed in the frame of each individual dataset. Consequently,
no tensor reorientation is needed. Interpolation is done directly
on the components of the logarithmic tensors, such that posi-
tive definiteness is retained [30], using a second order b-spline
fit [31].
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D. Membership in Fiber Tracts

It is preferred that the clustering is restricted to single fiber
tracts (see previously mentioned). Such a spatial relation may
be included in the membership variables in a straightforward
manner. We propose to construct qp

ai (7) from two terms:

qp
ai = qp

ai,mahqp
ai,orient . (21)

The first term serves for normalization, so that (typically longer)
distances along the fiber tract are weighted equally to distances
perpendicular to the tract.

qp
ai,mah = exp

(
−(xp

i − cp
a)T (Σp

a)−1(xp
i − cp

a)
)

(22)

in which Σp
a is calculated as defined previously. Effectively,

qai,mah represents the Mahalanobis distance of points xp
i to

the cluster center point cp
a . The orientation uncertainty is in-

corporated by means of the covariance matrix (see previously
mentioned).

What is more, points along the same tract should be con-
sidered nearer than points on different tracts. Such a spatial
relationship is enforced by incorporating the extend to which
points are on parallel tracts

qp
ai,orient = exp (−ρ(T ) (1 − v1(x

p
i )v1(cp

a))) (23)

with v1(·) the interpolated principal eigenvector and ρ(T ) a
weighting term as a function of the temperature.

ρ(T ) =
Tinit − T

Tinit − Tfinal
ρ0 . (24)

The term qp
ai,orient favors points that have similarly oriented

principal eigenvectors to the principal eigenvector of the cluster
center point.

Note that both qp
ai,mah (via Σp

a ) and qp
ai,orient are affected

by the temperature T . Consequently, qp
ai is influenced by the

temperature, which, in turn, controls the scale of the registration.
We opted to do so to force the membership to gradually become
more precise as the registration refines from global to local
matching.

Formulated in pseudocode, the algorithm can be summarized
as follows:

1) Compute the tensor field, principal eigenvectors, FA, and
θ95% .

2) Track corresponding fibers of interest in all datasets.
3) Initialize T = Tinit , γ.
4) Initialize the atlas points za as a random subset of the point

sets xp
i .

5) Update until either T < Tfinal or the set {mp
ai < ε|ε =

1e−5∀a, i, p} includes more than 5% of the points:
a) cluster center points cp

a (9);
b) atlas point set za (10);
c) transformations fp (11);
d) membership mp

ai (7);
e) T = αT .

E. Parameters

A number of parameters is involved in the fiber tract matching.
In the following, we indicate some global effects; the exact
setting will be discussed in the next section.

1) Tinit represents the maximum scale of registration, which
equals the number of voxels to the power 2/3 (17).

2) Tfinal reflects the local scale of registration. It is bounded
by the resolution of the data.

3) The annealing rate 0 < α < 1 must be set to allow the al-
gorithm sufficient iterations for convergence. A little con-
servative choice is preferred, although it extends compu-
tation times. The total number of iterations (by definition)
equals niter ≈ log(Tfinal/Tinit)/ log α.

4) The regularization parameter γs needs to be chosen in
such a way that the matrix QT

2 ΦQ2 (size K × K) in (14)
is invertable. A way to do so is to let γs anneal together
with T .

5) The number of clusters must be balanced between a proper
modeling anatomical variations and robustness to noise.
The number of voxels per cluster nc = Voltracts/nc is in-
variant to differences in tract volume (i.e., the total volume
of the voxels intersected by tracts). The latter parameter
will be be used hereafter.

6) A certain sampling distance has to be chosen for trac-
tography. A fraction of all points Np emanating from the
tractography is used in the registration that is inversely
proportional to the temperature. At each scale, sufficient
points per cluster should be available for accurate estima-
tion of the covariance matrices Σp

a .
7) ρ0 , the weighting parameter in (24) is related to the data. If

the diameter of fiber tracts is known and Tfinal is given, ρ0
should be such that the membership value mp

ai is low for
points belonging to adjacent tracts, i.e., having a different
orientation.

We consider nc to be the critical parameter in the proposed
algorithm. For that reason, a number of experiments will be
performed in which particularly this parameter is varied (in the
next section).

IV. EXPERIMENTS

The proposed algorithm will be evaluated in a series of ex-
periments using both synthetic and brain data: The added value
of the algorithm is demonstrated with respect to three aspects.
Initially, the focus is on how the algorithm copes with volumet-
ric data. Subsequently, the inclusion of orientation information
into the algorithm for clustering adjacent, perpendicular fibers
will be assessed. Lastly, we believe that the application should
drive the design of the registration algorithm. The proposed al-
gorithm is designed for studying FA profiles over fiber tracts.
Hence, the consistency in FA values along tracts over subjects
is studied after matching using the proposed method. The re-
sults are compared to a nonrigid registration method available
in DTI-TK [12]. The value for nc (and thereby the degrees of
freedom) will be varied during the experiments as it directly
determines the registration flexibility.
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Fig. 2. Synthetic fiber tracts, with labeling based on the orientation of the cluster center points, after clustering using the classic and proposed membership
method. Here, nc = 50 is used, determined from the plot of nc as a function of κ for both clustering methods. (a) Classic. (b) Proposed. (c) Dyadic coherence.

A. Synthetic Data

A synthetic dataset was generated such that there were two
adjacent perpendicular tracts. The principal eigenvector field
was defined accordingly. The resolution of the dataset was 30 ×
30 × 10 voxels. The eigenvalues of the tensors were chosen
to be E = diag ([ 1.5 0.5 0.5 ]) · 10−3 mm2s−1 , such that
FA = 0.60. From the eigenvectors and values, tensors were
computed, following D = V T EV , in which V is the matrix of
eigenvectors with v2,3 chosen in the plane perpendicular to the
defined v1 . For demonstration purposes, no noise was added to
the data. Merely, performing a clustering on fiber tracts gener-
ated in this data (omiting atlas generation) yields the outcome
in Fig. 2. In all experiments, Tinit and Tfinal were set to 10−1

and 10−4 , respectively. The temperature was stepwise attenu-
ated by α = 0.9. In the membership computation, ρ0 = 1, to
have an attenuation factor e−1 ≈ 0.4 for perpendicular eigen-
vectors (24). The clustering was done twice, by the classic and
proposed method, respectively. The dyadic coherence κ was de-
termined for different numbers of voxels per cluster nc . The two
plots in Fig. 2(a) and (b) relate to nc = 50, where the difference
in κ between both methods is largest. Fiber tracts are colored
corresponding to the orientation of the principal eigenvectors
of the cluster center points with the highest membership value.
Apparently, the conventional method results in cluster center
points holding fibers from both tracts. This may be noticed by
one tract asserting the color label of the adjacent tract.

In the next experiment, two synthetic tensor fields were gen-
erated, which are nonrigidly warped versions of each other. The
tensor fields consisted of 80 × 80 × 10 voxels, with an isotropic
voxel size of 2 mm. The datasets were registered by means of
the classic (original) and the proposed point set clustering algo-
rithm. The point sets were scaled to the unit circle by a factor
0.011 and the center of gravity was placed at the origin. The
spline-transformation regularization parameter γs was empir-
ically chosen to be γ = 10−2T/Tfinal . The membership mp

ai

for three selected cluster center points at three iterations in one
dataset is depicted in Fig. 3. Going from iteration 1 to 2, the
cluster center points can be observed to move to the center of
the points with the highest mp

ai . At lower temperature, in itera-
tion 50, the clusters are aligned along the fibers. The registration

1Doing so typically scales the translation parameters down by an order of
magnitude such that the affine transformation can be estimated with higher
stability.

Fig. 3. Membership mp
ai for three cluster center points colored by red, blue,

and green, for iterations 1, 2, and 50 (top to bottom).

Fig. 4. 2-D projection of the results of the synthetic fiber tract matching
experiment, with nc = 500 (top) and nc = 300 (bottom), by means of the
classic (left) and the proposed method (right). Note that, for equal nc , the
proposed method has a higher overlap. (a) Classic. (b) Proposed.

outcome for varying nc , i.e., the number of voxels per cluster,
is shown in Fig. 4. It may be observed that as the cluster center
points remain colinear, misregistration results (top left). When
using the proposed membership method, the ellipsoidal shaped
clusters earlier start to distribute over the volume, resulting in
a higher overlap. In other words, a volumetric representation of
the fibers is a prerequisite to accurate registration. Concurrently,
one may observe that at a high nc the proposed algorithm al-
ready yields a fairly good outcome (top right). This behavior is
confirmed in Fig. 5, in which the relative overlap is given as a
function of nc . Note that a high nc is typically preferred to keep
the number of parameters low.

B. Brain Data

1) Data Acquisition: DTI-data were acquired on a Philips
Intera 3.0 Tesla MRI scanner (Philips Intera, Philips Medical
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Fig. 5. Relative overlap of the two synthetic fiber tracts after registration, as a
function of nc , using the classic and proposed membership method.

Systems, Best, The Netherlands) by means of a spin-echo EPI
sequence. Balanced diffusion sensitizing gradients were used to
minimize artifacts induced by eddy currents [32]. The diffusion
weighting was along 16 icosahedric and dodecahedric directions
on a half sphere [33] and along the 16 corresponding, antipodal
directions. Other parameters were: TE 94 ms, TR 4831-6248 ms,
b =1000 s/mm2 , FOV 250 mm, scan matrix 70 × 112, image
matrix 128 × 128, slice thickness 2.2 mm, such that the voxel
size was 2.0 × 2.0 × 2.2 mm. Eddy current-induced morphing
was corrected for by an affine registration in the phase direction
[34].

2) Coherent Clustering: The statement in Section III-D, that
clustering is to be restricted to single fiber tracts, was validated
in an experiment. In one dataset, fibers were tracked at the
junction of the corticospinal tract, cingulum, and corpus callo-
sum. A clustering of these data was performed, using the classic
and proposed method. The results for nc = 30 are displayed in
Fig. 6, together with the dyadic coherence κ as a function of nc .
The proposed method obtained a higher κ, independent of nc .
Here, part of the corpus callosum is erroneously labeled as if it
were part of the cingulum by the classic method, whereas the
proposed method is able to distinct between these tracts. Cor-
rect clustering of fiber tracts stimulates a unique correspondence
between datasets.

3) Validation (Known Deformation): The proposed method
was first validated by reproducing a known deformation of the
data. From an ongoing clinical study, ten subjects were selected
in which an expert did not identify visible pathology. In these
datasets, the right corticospinal tract, right inferior longitudinal
fascilus, right cingulum, and forceps major were tracked.

The FA volumes of the ten subjects were registered to an
available FA atlas [35], using the statistical parametric mapping
(SPM) method. In SPM, volumes are nonrigidly registered to
a template using a discrete cosine transform (DCT) [36]. The
DCT consisted of 12 × 12 × 6 basis functions, enabling detailed
registration of the full brain (visually checked). The resulting
(considered representative) deformation fields were applied to
the tracked fibers of the ten subjects. The algorithm’s ability to
reproduce these deformations was then determined. The orig-
inal and deformed tracts were individually as well as jointly

Fig. 6. Fiber tracts in the brain, with colored labeling based on the orientation
of the cluster center points, after clustering using the classic and proposed
membership method. Here, nc = 30 is used, determined from the plot of nc as
a function of κ for both clustering methods in the plotted region. (a) Classic.
(b) Proposed. (c) Dyadic coherence.

matched by means of the proposed method. The RMS distance
after registration, for varying nc is displayed in Fig. 7. A care-
ful observation reveals a higher error along elongated tracts,
due to a translational invariance along these tracts. The lowest
error is achieved if the combination of tracts is used. The stan-
dard deviation of the estimated distance yields approximately
0.3 mm, indicating a sufficiently low precision in repetitive
measurements.

The total computation time of registering the four tracked
bundles in ten subjects was 23 min using the proposed method
and 11 min using classic point set matching, on an AMD Opteron
2GHz processor with 8 Gbyte of RAM memory. Profiling re-
vealed that interpolation of the eigenvectors (23) and computa-
tion of the transformation parameters (14) and (15) was most
costly.

4) Validation (Landmarks): Subsequently, a validation by
landmarks was performed. A neuroradiologist annotated five
landmarks in the FA volumes of all ten subjects on locations
through which the tracts pass. These landmarks were randomly
picked by the expert provided that they corresponded to unique
locations with respect to the surrounding cerebral structures. The
landmarks were coregistered with the fiber tracts. An illustration
of the result is shown in Fig. 8(a). It may be noticed that those
points on elongated tracts are less precisely registered (as may
be expected). The graph in Fig. 8(b) gives the root mean square
distance to the center of gravity of the points as a function of
nc . It may be observed that there is a broad optimum for nc .
The optimal choice boils down to the bias-variance dilemma:
sufficient clusters are needed to code the degrees of freedom
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Fig. 7. (a) RMS distance of the four tracts and the combination of them all
(with error bars denoting the standard deviation over the ten experiments) after
reconstructing the applied nonrigid transform. (b) Transformation, applied to
all tracts in one dataset and (c) reconstructed transformation using the proposed
algorithm.

Fig. 8. (a) Impression of the tracts and landmarks after registration, datasets
are colored individually and (b) the RMS distance (in mm) of the landmarks as
a function of the number of voxels per cluster, after registration using the classic
and proposed membership method.

of the deformation. Too few voxels per cluster will increase
the variance per cluster. Fortunately, the method is not highly
sensitive to this parameter setting. A lower value for nc is to be
preferred though, 20 < nc < 40, in order for the clustering to
successfully distinct between tracts.

Fig. 9. Three cross sections of the FA color-coded by orientation of the DTI
atlas generated with DTI-TK.

Fig. 10. Fiber tracts reconstructed in the DTI-TK atlas, clustered subsequently
by the proposed method.

5) Comparison to Registration: In a final experiment, the
proposed method was compared to a state-of-the-art registration
method: DTI-TK. All tensor volumes were registered to a tem-
plate and an average tensor field (atlas) was computed [12], [37].
The atlas is depicted in Fig. 9. Subsequently, we studied the FA
values along several fiber tracts after fiber tract matching and
DTI-TK registration, respectively. These fiber tracts were re-
constructed in the DTI-TK atlas, see Fig. 10, after which the
fibers were clustered with 20 voxels per cluster b. The resulting
fiber points with corresponding membership values and clus-
ter centers were then superimposed on the FA volumes of the
warped tensor datasets. A weighted mean FA per cluster per

subject was then computed, FADTI−TK
p
b =

∑N a t la s

j=1 mp
bjFAp

bj .
Similarly, FA values along the fibers tracked in the original
datasets were derived. After point set matching the fibers, mean
FA values of the resulting clusters (different from the DTI-TK
clustering) FAPSM

p
a =

∑N p

i=1 mp
aiFAp

ai were computed. Fig. 11
depicts histograms of the mean and standard deviation of the
FA over subjects for both methods. Resampling during warp-
ing of DTI-TK volumes induced a slight decrease in standard
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Fig. 11. Histograms of the mean and standard deviation of the mean FA per
cluster over subjects, for the DTI-TK and proposed method. The vertical axis
denotes the number of clusters per histogram bin.

deviation. The histogram of the mean of DTI-TK contains a
higher fraction of low FA values, to which either regions with
small residual misalignments or interpolation during resampling
contribute.

V. CONCLUSION

We introduced a new method for nonrigid registration of DTIs
by means of white matter fiber tracts. The method boils down
to point set registration, which involves simultaneously cluster-
ing and matching of the data points. The tracts are implicitly
warped to a common frame of reference to avoid the potential
bias toward one of the datasets. The algorithm gradually refines
from global to local registration, which is implemented through
deterministic annealing. Special care was taken to incorporate
the spatial relation between fiber points and the uncertainty in
principal diffusion orientation. We implemented this by prop-
erly weighting both the cluster center point covariance matrices
and the membership assignments of points to specific clusters.

The concept of point set matching was applied to volumetric
data. The number of cluster center points (reflecting the flexibil-
ity of the registration) was varied in each experiment. Looking
back at the inter-subject registration, it may be observed that
there is a broad optimum (see Fig. 8). Apparently, the method is
not very sensitive to this parameter setting. Furthermore, it was
shown that both a high curvature and low intertract variability
induce a lower error. If a registration of an elongated tract, such
as the corticospinal tract, is desired, a higher precision in reg-
istration is obtained by including a perpendicular and adjacent
tract, such as the inferior longitudinal fasciculus.

The method has been build with the aim of comparing FA pro-
files along fiber tracts. In contrast to a state-of-the-art nonrigid
registration technique, the proposed method is more robust to
residual misalignments. Fiber tracts and FA values are sampled
in subject space prior to transformation, while in atlas-based
tracking sampling occurs after correspondence is found. Mean-
while, the root-mean-squared distance with respect to expert-
annotated landmarks is low (3 mm). Population studies will
benefit from this robustness, as potentially fewer subjects are
needed to obtain a significant difference between cohorts. Our

future work will focus on such an assessment of registration
algorithms in a machine learning framework.

A thin-plate spline transformation was used to model the
nonrigid transformation. In a thin plate spline, folding may oc-
cur, such that the inverse transformation is ill-defined. Con-
currently, the inverse operation is needed to go back and forth
from image to atlas space. Instead, a diffeomorphic mapping
such as the geodesic interpolating spline may be used [38]. For
now, the problem is circumvented by properly regularizing the
transformation.

Consistent fiber tracking in all subjects is vital for a successful
registration. Instead of a naive streamline technique, stochastic
fiber tracking may yield in a more robust tracking and thus a
better registration.

To the best of our knowledge, there is no other work on
nonrigidly matching DTI data based on the white matter tracts.
Incorporating information about the course of tracts into the
registration may add to pathological studies and open the way
to more knowledge of brain diseases in the future.
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