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Abstract. We present a new algorithm for affine registration of diffu-
sion tensor magnetic resonance (DT-MR) images. The method is based
on a new formulation of a point-wise tensor similarity measure, which
weights directional and magnitude information differently depending on
the type of diffusion. The method is compared to a reference method,
which uses normalized mutual information (NMI), calculated either from
a fractional anisotropy (FA) map or a T2-weighted MR image. The regis-
tration methods are applied to real and simulated DT-MR images. Visual
assessment is done for real data and for simulated data, registration accu-
racy is defined. The results show that the proposed method outperforms
the reference method.

1 Introduction

Diffusion tensor magnetic resonance imaging (DT-MRI) [1] is a relatively novel
method, which increases the diagnostic value of magnetic resonance imaging
(MRI). DT-MRI is based on the attenuation of MR signal due to the random
motion of water molecules during a particular diffusion-weighted imaging se-
quence. DT-MRI assumes a Gaussian diffusion profile and models the diffusion
of water molecules in tissue with diffusion tensors, which can be estimated from
a set of diffusion-weighted MR images. In the brain, the diffusion process varies
greatly between tissues. In the cerebro-spinal fluid (CSF) and in most parts of the
gray matter (GM) diffusion is isotropic, i.e. without a preferred direction. The
white matter (WM) consists of axonal fiber bundles, which lead on to anisotropic
diffusion, where the principal diffusion direction is parallel to the local orienta-
tion of fibers. Same behavior is also seen in thalamus and in some other internal
GM structures. The ability of DT-MRI to detect white matter abnormalities has
made it a popular method in neuroimaging applications. In 2002 Kubicki et al.
reported that DT-MRI had been used in 14 different clinical applications such
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as multiple sclerosis, Alzheimer’s disease, and schizophrenia [2]. In this paper
we study the affine registration of DT-MR data. The main motivation behind
this study is the construction of DT-MR atlas, which requires inter-subject reg-
istration. DT-MR atlases provide a tool to compare variations in white matter
between groups and between a group and a subject.

The simplest approach to DT-MR registration is to use the scalar data in-
stead of the tensor data. The registration is based on either scalar indices or
T2-weighted MR images. Several indices have been proposed, see for instance [3].
The most frequently used indices are related to the size of diffusion (e.g. ten-
sor trace), or the magnitude of anisotropy (e.g. fractional anisotropy). Even
though scalar approach is simple, a lot of valuable information is discarded.
Multi-channel registration methods present a second approach to DT-MR regis-
tration. Guimond et al. and Park et al. have introduced a multi-channel demons
algorithm using the sum of squared differences calculated from the independent
tensor components [4,5]. Leemans et al. proposed an affine registration method
using k-channel mutual information calculated from 60 diffusion weighted and
one T2-weighted MR image [6]. Rohde et al. introduced a nonlinear registration
method using multivariate mutual information calculated from independent ten-
sor components and T2-weighted data [7]. Yet another type of approach is based
on a direct similarity between tensors. Alexander et al. [8] have extended an
elastic multi-resolution matching algorithm to DT data. Zhang et al. proposed
a registration algorithm which is based on diffusion profiles [9]. Ruiz-Alzola et
al. [10] proposed a method, where registration is based on the identification of
highly structured points and local matching of DT data.

In this work, we introduce a novel affine DT-MR registration method. The
transformation is based on the global affine model. Our main contribution is the
unique formulation of a point-wise tensor similarity measure. It measures the
overlap between diffusion modes (i.e. linear, planar, or isotropic). This overlap
is weighted with information, which is the most reliable in each mode.

The rest of the paper is organized as follows: In Sec. 2.1 the material is
described. The general framework for the registration method is given in Sec. 2.2.
Next, a detailed description of the point-wise similarity measure is given in
Sec. 2.3. Evaluation protocol is described in Sec. 2.4. The results are presented
in Sec. 3. Finally, the paper is finished with discussion and conclusion in Sec. 4

2 Material and Methods

2.1 Material

We acquired diffusion tensor images from 4 voluntary subjects, 2 males and 2
females, without any diagnosed neurological disorders (ages from 27 to 30 years).
The data were acquired with a Siemens Sonata 1.5T MRI scanner (Siemens,
Erlangen, Germany) at the Helsinki University Central Hospital using 128×128
matrix, 1.75×1.75 mm2 in plane resolution, 4 mm slice thickness and 12 non-
collinear diffusion weighting gradients with a b-value of 1000 s/mm2, echo time
(TE) of 119 ms, repetition time (TR) of 6800 ms, collecting 36 contiguous slices,
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repeating the measurement 6 times. Diffusion tensors were estimated for each
voxel using a least-squares approach [11]. All measurements were approved by
the local ethical committee.

2.2 Registration Method

The goal in registration was to find an optimal transformation T ∗ : x → x
′

which transformed the spatial coordinates of the source volume A to the spatial
coordinates of the reference volume B, so that the similarity function I was
maximized

T ∗ = max
T

I(A(T (x)), B(x)). (1)

The voxels from the source volume were transformed to the co-ordinate system
of the destination volume using an affine transformation

T (x) = Mx + t, (2)

where M was a [3×3] matrix and t was the translation vector.
During the transformation tensors were reorientated to ensure that their ori-

entation remained consistent with the anatomical surrounding. In this study we
used Preservation of principal direction (PPD) reorientation strategy, see details
in [12]. In PPD reorientation two rotation matrices R1 and R2 were constructed
and each transformed tensor D was reoriented using D

′
= (R2R1)D(R2R1)T .

The rotation matrices were constructed from the known rotation axis and angle.
First, the matrix M was applied to unit eigenvectors v1,2,3 and new unit vectors
ni = Mvi/|Mvi| were calculated. The first rotation matrix R1(r1, θ1) mapped
v1 onto n1. The rotation axis r1 and the rotation angle θ1 for R1 were

r1 = v1 × n1, θ1 = arccos (v1 · n1). (3)

In (3), ’×’ and ’·’ denoted cross and dot product. The projection of n2 onto
plane perpendicular of R1v1 was

P(n2) = n2 − (n2 · n1) · n1. (4)

The second rotation matrix R2(r2, θ2) mapped v2 from the position after first
rotation R1v2 onto plane spanned by n1 and n2. The rotation axis r2 and the
rotation angle θ2 for R2 were

r2 = R1v2 × P(n2)/|P(n2)|, θ2 = arccos (R1v2 · P(n2)/|P(n2)|). (5)

In the location where the source voxel was mapped, a new value for the
destination data was interpolated. For scalar data we used tri-linear interpolation
and for tensors we used Log–Euclidean tri-linear interpolation [13]

D̂ = exp

(
8∑

i=1

wi log(Di)

)
, (6)
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where wi were the weights for tri-linear interpolation. Log–Euclidean interpola-
tion was fast to compute and it produced positive definite tensors.

The similarity measure was calculated voxel-by-voxel between the transformed
and reoriented source voxels and the interpolated destination voxels, see details
in Sec. 2.3. The similarity measure was calculated only from the brain voxels.
The brain tissue was extracted using the following simple routine: 1) Threshold-
ing was done for T2 data. Thresholding removed all air voxels leaving the actual
brain voxels and some unwanted voxels (skin, fat, etc.) untouched. 2) The mor-
phological opening was done in order to separate the unwanted voxels from the
brain. 3) Connected components were labeled and the largest component (brain)
was kept. 4) The morphological closing was performed to cancel out the effects
of morphological opening. As an optimization, downhill simplex method from
the hand-book of Numerical Recipes in C [14] was used.

2.3 Similarity Measure

Our approach was based on deriving a point-wise similarity measure. We looked
overlap between diffusion modes (linear, planar, isotropic), and weighted this
overlap with the information, which was the most reliable in that mode. For the
diffusion modes, we used the coefficients defined by Westin et al. in [15]

cl =
λ1 − λ2

λ1
, cp =

λ2 − λ3

λ1
, cs =

λ3

λ1
, (7)

where subscripts l, p, s denoted linear, planar, and spherical (i.e. isotropic) dif-
fusion, and λ1,2,3 were the tensor eigenvalues.

With these notations the similarity between reference A and source B volume
had the form

I(A, B) =
∑

a∈ΩA,b∈ΩB

ca
l cb

l Sl(a, b) + ca
pcb

pSp(a, b) + γ ∗ ca
scb

sSs(a, b), (8)

where Sl,p,s were the mode-dependent similarity functions, ΩA,B were the brain
masks for the volumes, γ was a weighting coefficient, and superscript a denoted
the transformed and reoriented source voxel, and superscript b denoted the cor-
responding interpolated destination voxel. Isotropic diffusion (CSF, GM, WM)
was more common in brain than the anisotropic diffusion (only in WM). As
we wanted to accurately align also fibers in the WM, we had to weight less
isotropic voxels, and thus the weighting γ was introduced1. Next, we derived
mode-dependent similarity functions Sl,p,s. In the case of isotropic diffusion, the
tensor trace tr = λ1+λ2+λ3

3 , and gray-level (g) from T2 data were well defined,
whereas the directional information was ambiguous. Thus, we proposed the fol-
lowing similarity measure for isotropic diffusion:

Ss(a, b) =
1
2

((
1 − |tra − trb|

max (tra, trb, 1)

)
+

(
1 − |ga − gb|

max (ga, gb, 1)

))
. (9)

1 In all the experiments, we used value γ = 0.5.
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In the case of linear and planar diffusion, the tensor trace and the gray-level
information were useless as we already knew the tissue class (anisotropic dif-
fusion took place in WM2). For linear diffusion, the first eigenvector v1 was
well-defined whereas the other eigenvectors were ambiguous. Similarly for the
planar diffusion, the third eigenvector v3 was well-defined but the other direc-
tions were ambiguous. Thus, we proposed the following directional similarities
for linear and planar diffusion

Sl(a, b) = |va
1 · vb

1|, Sp(a, b) = |va
3 · vb

3|, (10)

(where ’·’ denoted the dot product). Equations (7)–(10) were combined and the
similarity function was derived

I(A, B) =
∑

a∈ΩA,b∈ΩB

ca
l cb

l |va
1 · vb

1| + ca
pcb

p|va
3 · vb

3| +

+γ ∗ ca
scb

s

1
2

((
1 − |tra − trb|

max (tra, trb, 1)

)
+

(
1 − |ga − gb|

max (ga, gb, 1)

))
.(11)

For a reference to our similarity measure we used normalized mutual infor-
mation [16]. NMI was calculated either from the T2 data or from the FA maps

FA =

√
3((λ1 − λ̄)2 + (λ2 − λ̄)2 + (λ3 − λ̄)2)√

2(λ2
1 + λ2

2 + λ2
3)

,where λ̄ =
1
3

3∑
i=1

λi. (12)

2.4 Evaluation

We used a two stage evaluation protocol: 1) For real data we did visual assess-
ment. Each subject was registered to the other subjects (a total of 12 registra-
tions). The registered source volume was compared with the reference volume
using the chessboard visualization. In the chessboard visualization a new vol-
ume was constructed, where every second cube (we used cube size 16×16×16
voxels) was taken from the reference volume and every second cube from the
transformed source volume. Misregistrations were seen as a disconnectivity in
the cube borders. We divided the results into successful and misregistrations
using visual (subjective) assessment. Using these classifications we calculated a
success rate (i.e. percentage of successful registrations) for each method.

2) For simulated data we generated random affine transformations T known.
The matrix M was generated as

M = P(px, py, pz)Q(ϕx, ϕy, ϕz)Rx(θ)Ry(ω)Rz(φ), (13)

where P wad a scaling matrix of form P = diag(px, py, pz), Rx,y,z were rotation
matrices around x, y and z axis, and Q was a shearing matrix of form

Q(ϕx, ϕy, ϕz) =

⎡
⎣1 tan(ϕz) tan(ϕy)

1 tan(ϕx)
0 0 1

⎤
⎦ . (14)

2 And in some small internal GM structures.
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Fig. 1. The registration results for the proposed (left) and the reference method using
MR images (middle) and FA maps (right) are shown using the chessboard visualization

The scaling parameters px,y,z were randomly drawn from the uniform distri-
bution U(0.7, 1.3), the shearing parameters ϕx,y,z from the uniform distribu-
tion U(−π/8, π/8), and the rotation angles θ, ω, φ from the uniform distribution
U(−π/20, π/20). Also translation parameters to each direction were drawn from
the uniform distribution U(−7, 7) (measured in mm). Each subject was trans-
formed according to these known transformations. First, inverse transformation
for T known was calculated. Using the inverse transformation we calculated the
mapping from each voxel location of new volume (simulated data) to original
data. A new value was interpolated in this location. We used tri-linear inter-
polation for scalar data and Log–Euclidean interpolation tensors. Interpolated
voxels were transformed to new volume and during the transformation tensors
were reoriented (PPD). As a result we obtained the simulated data, where we
knew the ground truth transformations. The simulated data were registered to
the original data T reg and the registration error was calculated for all brain
voxels (a total of N voxels in Ω)

ε =
1
N

∑
xi∈Ω

||(T reg ◦ T known)xi − xi||2, (15)

3 Results

In Figure 1, the results were shown in one registration for the proposed (left)
and the reference method using either T2 images (middle) or FA maps (left).
In the left and in the middle there were no notable errors. In the right, there
was a clear misalignment. The results in the left and in the middle were

Table 1. The success rates for the proposed and the reference method using either
MR images or FA maps. The total number of registrations was 12.

Proposed NMI (MR) NMI (FA)
92% 75% 25%
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classified as a successful registration, but the case in the right was classified
as a misregistration. The success rates for real data were given in Table 1.

Ten random affine transformations were applied to each subject and 40 simu-
lated data sets were created. Using these data sets we calculated the registration
accuracy for each method. The results were given in Table 2.

Table 2. The mean and the standard deviation of the registration accuracy (in mm)
for the simulated data

Proposed NMI (MR) NMI (FA)
0.1±0.1 8.9±8.9 16.9 ±4.1

4 Discussion and Conclusions

The proposed and the reference method were first applied to real DT-MR data.
The proposed method gave a good alignment in 11 registrations out of 12 (a
success rate of 92%). For the NMI-based reference method the success rate was
considerably lower. With T2 images the success rate was 75% and with FA maps
only 25%. Next, the methods were applied to the simulated data. The proposed
method had the best robustness and accuracy (residual error 0.1±0.1 mm.).
When NMI-based reference method was used with T2 data we noticed that
there were large variations in the registration results (standard deviation 8.9
mm). Thus the overall accuracy was poor (mean accuracy 8.9 mm.). However,
in 20 registrations out of 40 the average misregistration was smaller than the
largest voxel dimension (4.0 mm). If only these registrations were considered,
the method had a reasonable registration accuracy (0.4±0.8 mm.). The results
for FA map based NMI registration are poor (residual error 16.9 ± 4.1). Even
the smallest individual registration error was as high as 12.5 mm.

These tests demonstrated that the proposed method was more robust than
the reference NMI-base reference method. Furthermore, the results showed that
the FA map based NMI registration could not produce accurate registrations.
It should be noted that we could not conclude from the experiments what was
the (true) inter-subject registration accuracy. The problem was in the evalu-
ation protocol. In real data registration, inter-subject variations were present.
However, using visual assessment we could only define the success rates but not
the registration accuracies. With the simulated data the registration accuracies
were calculated. However, the simulated data didn’t represent inter-subject vari-
ations. Thus, the simulated data experiment gave information about the robust-
ness, but did not give any information about the (true) inter-subject registration
accuracies.

In summary, we proposed a new method for DT-MR registration. Our main
contribution was a new formulation of a point-wise tensor similarity measure.
Although not demonstrated in this study, the developed similarity measure is not
limited to affine transformations. In the future, we plan to extend the method
to non-rigid and nonlinear transformations, make quantitative evaluation of the
method, and compare the method to other DT-MR registration methods.
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