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Abstract. The visualization of diffusion tensor fields remains a challenging topic. A representation based on volume rendering of a scalar
field is presented. The method uses the tensor to correlate a noise field
in the direction of greater diffusivity while preserving the high frequency
components of the noise field in transversal diffusion directions.

1

Introduction

The diffusion tensor, D, describes the direction and strength of the water diffusion in MRI imaging. In tissue containing a large number of fibers, like white
brain matter, diffusion occurs along the direction of the fibers. Visualization of
the diffusion tensor is crucial to assess the fibrous structure of the brain. Tensor visualization based on glyphs, streamlines and line integral convolution have
lately been proposed. These methods are either sensitive to occlusion, dependent
of the starting point used to generate the visualization, or have problems with
non-linear diffusion. Methods based on a scalar field allow a continuous representation that can be displayed using traditional volume rendering techniques. The
proposed method uses the concept of adaptive filtering [1, 3] to anisotropically
correlate a random field using the diffusion tensor. The noise is decomposed in
directed high-pass components using steerable filters. The high-pass components
are combined using the diffusion tensor so the noise field is smeared in the direction with larger diffusivity. A similar technique has been previously used to
visualize strain-rate tensors in cardiac studies [2], but a few modifications can
be made to enhance the visualization of the special diffusion tensor field.

2

Method

We start from a diffusion tensor field D whose spectral decomposition will be
denoted as D = EΣET .

2.1

Noise field

The filter input is a white noise whose second order moment is a function of the
diffusion eigenvalues. The noise field has been created from three independent
Gaussian noise processes. These processes have been linearly combined using the
local diffusion tensor as correlation matrix. The noise image is the magnitude of
the combined processes. Given a realization x of three independent zero mean
Gaussian noise processes, the noise field, N , can be computed as
N = kyk = kEΣxk.

(1)

This noise field is spatially independent but not identically distributed, where
greater noise power is generated in areas of stronger diffusivity.
2.2

Adaptive filtering

The general expression for adaptively filtering a noise field using a control tensor
C from a diffusion tensor D is given by the expression
X
F = Nlp + h(|D|)
< C, Mk > Nk .
(2)
k

The noise field N is decomposed in a low pass version, Nlp , and six high pass
components, Nk , using spherical separable filters. The directions of the high pass
filters are defined as the directions of the vertices of an icosahedron. The high
pass components are weighted by the inner product of the control tensor and
the dual basis associated to the filter directions, Mk [1, 3]. The function h is a
mapping function that depends on a metric of the diffusion to weight the high
frequency component according to the diffusion.
The filtering process is iterated, using as input the output noise field from
the previous iteration, to make the noise structure more continuous and sharper.
2.3

Control tensor

A fundamental issue is the construction of the control tensor. The control tensor
is used to anisotropically combine the noise high frequency components in the
direction of less diffusivity. In our case this control tensor is defined as the
normalized rank-2 inverted diffusion tensor. Being λi and êi the i-th ordered
eigenvalue and eigenvector of the diffusion tensor D respectively, the control
tensor has the expression
3
X
λ3
C=
ên êTn .
(3)
λ
n
n=2
The tensor is intentionally degenerated to rank 2 to allow full smearing in the
major diffusion direction given by λ1 .

2.4

Mapping function

We use a functional of the linearity coefficient, cl ,
cl =

λ 1 − λ2
.
λ1

(4)

This coefficient accounts for the degree of linearity that the diffusion tensor
exhibits. The used functional depends on the number of iterations that the filter
process is applied.
1
h(|D|) = h(cl ) = (αcl + 1) J
(5)
where α is an amplification factor and J is the number of iterations. The mapping
function provides an enhancement of the anisotropically combined high frequencies in the locations where the linear diffusion is stronger, i.e. fiber tracts.
2.5

Visualization

The output from the filtering process, Nout , is visualized using volume rendering.
The opacity is set to Nout · cl , to show the structure of the tensor field but only
in areas containing fibers. The color is computed according to the direction of
the largest eigenvalue, then multiplied with Nout to darken the edges of the
structures. The expression takes the form
(r g b)t = Nout

3

(1 1 1)t + ê1
2

(6)

Results and Conclusion

The method was applied to a diffusion tensor set acquired using 3 Tesla DTMRI. The resolution of the input tensor data is 0.86 by 5 by 0.86 mm. This
is later resampled to a volume of 1283 voxels of 0.43 mm in all three directions
before applying the filtering method. The adaptive filtering was iterated 20 times.
Figure 1 shows the region of interest used for the visualization. The resulting
volume is volume rendered in real time, and two snap shots can be seen in
Figure 2 and Figure 3.
The method clearly shows the direction of the fibers and different fiber groups
can easily be identified.
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Fig. 1. 3D view of the trace of the tensor field in the region of interest (ROI) used in
our visualization. The ROI belongs to the central part of the brain (Corona Radiata).
The ventricles can be seen in black.

Fig. 2. Volume visualization of Corona Radiata, seen from above. Corpus Callosum
can be seen as the horizontal red structure. The vertical green structures on top of
Corpus Callosum are the Superior Longitudinal Fasciculus.

Fig. 3. Volume visualization of Corona Radiata, seen from the side. The motor-sensory
fibers can be seen as the vertical blue structure.

