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Abstract

We present a method for segmenting the white matter as well ashe gray matter
structures from Di usion Tensor Magnetic Resonance ImagegDT-MRI). The seg-
mentation is done evolving a set of coupled level set functios. The zero level set
of each level set function forms a surface in 3D that is driverby the region based
force to include all voxels belonging to a certain region. Tle region-based force is
de ned by using a very sensitive similarity measure betweendi usion tensors. We

apply our method for segmenting the thalamus and its nuclei.

This technical paper proposes several new strategies fordel set methods to seg-
ment e ciently complex objects as present in DT-MRI. First of all, we present a very
sensitive similarity measure that distinguishes very subte di erences between re-
gions within, for example, the thalamus. Secondly, we presd a new way of selecting
the most representative tensor for group of tensors for thes kinds of applications.
We argue for the importance to use the tensor minimizing the variance within the
group of tensors instead of the mean tensor as suggested inh&r papers on tensor
segmentation. The third important point is the necessity of using several coupled
level sets to de ne the background. Methods di erentiating only between foreground
and background will fail when applied to complex structuressuch as the brain. It
is crucial for a region-based approach to consider all the suwounding structures for

a correct de nition of the forces driving the segmentation.
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1 Introduction

Di usion Tensor Magnetic Resonance Imaging (DT-MRI) is a new maality
that permits non-invasive quanti cation of the water di usion in living tis-
sues. The Di usion Tensor (DT) provides information about the inensity of
the water di usion in any direction at a certain point. The water di usion in
the brain is highly a ected by its cellular organization. In particular axonal
cell membrane and myelin sheath are the main components resting water
mobility (1). Hence, the measured DT becomes highly anisotrapand oriented
in areas of compact nerve ber organization, providing an threct way of ber
tract identi cation. Today, DT-MRI is mostly used for determi ning brain con-
nectivity using ber tractography algorithms (2; 3; 4; 5). In general, emphasis
has mainly been put on identifying white matter structures, btimany gray
matter structures can also be revealed through this new imageoaality. Most
gray matter structures contain passing bers which will a ect the mean dif-
fusion within the voxel and give the di usion tensor a charactastic shape for

that speci c structure.

An example of such a gray matter structure is the thalamus that gabe con-
sidered as the central relay station for brain neuronal commigation. Every
sensory system (except olfaction) makes synapses here beforequtig into
the cerebral cortex. Information received from diverse bnairegions is passed
on to the cortex through the thalamus. These passing bers will gjhtly in-
uence the anisotropy and shape of the di usion tensor. Because ¢se axonal
projections have di erent orientations depending on the rgion they connect
to, di usion is di erentially oriented. This will allow us no t only to segment

the thalamus but also its nuclei.



The thalamus and its nuclei are structures that are hardly dierentiated using
other imaging modalities such as Computerized Tomography @onventional
Magnetic Resonance Imaging (MRI), which do not provide the messary image
contrast. Therefore, radiological identi cation of individual thalamic nuclei is
not currently possible and even the thalamus precise boundasiare di cult
to identify. Such that the current atlas matching or by hand sgmentation

procedures are not really reliable.

The thalamic cytoarchitecture is divided into several nucle each with a spe-
ci ¢ function. The thalamic nuclei have traditionally been studied with his-
tological methods and their number varies depending on the ethod used.
However, most studies identify 11 major nuclei, some of them beirsubdi-
vided. Wiegell et al. (6) have shown how Di usion Tensor MRI (DTMRI)

can di erentiate the principal thalamic nuclei, non-invasiely, basing on the
characteristic ber orientation, which is assumed to stay the samwithin one
certain nucleus and varies from one nucleus to another. Ideoation of the

thalamic nuclei in DT-MRI has also been done by Behrens et al7) by per-
forming tractograpy between the thalamus and the cortex. Talamic subre-

gions where identi ed through their speci c cortical connetvity.

Only recently, DT-MRI has started being used for segmentation ygposes.
The rst approaches began by performing a ber tractography ad then used
the result for segmentations (8). Identi cation of the thalamc nuclei has been
made by Behrens et al. (7) by mapping the connections betwedre thalamus
and the cortex. Wiegell et al. (6) were one of the rst to segmenDT-MRI

directly from the data by using a k-means algorithm. As mentioad before,
this method was also used to segment the thalamic nuclei. The masticent

approaches have been to use Partial Di erential Equations (PE), variational



methods and level sets (9; 10; 11; 12; 13; 14; 15). In (9) we preed a geomet-
ric ow implementing with level set methods for ber tract segnmentation by

measuring the di usive similarity between voxels. The method ibased on the
assumption that adjacent voxels in a tract have similar di usionproperties
but that the diusion at di erent location of the tract can be v ery dier-

ent. Similarity measures based on the whole tensor informatiomas used for
propagating the ow. Since then, several papers have providea well devel-
oped theory on PDE and segmentation in DT-MRI (12; 16; 13; 14,51 17).
Wang et al. (12) was the rst to de ne regions from the DT and usedegion
based forces for the front propagation. The region-based fercs de ned from
a distance metric between tensors. Wang et al. presented in (16)et very in-
teresting approach of Kullback-Leibler (KL) distances. The KLdistance is a
frequently used concept in information theory and is a measurd the natural

distance between two random variables. From this distance, Wgret al. (16)
have derived similarity measures and segmented 2D tensor eldsernglet et al.
(17) extended their work for 3D images and explored the statiss of the KL

distances to segment tensor elds with higher internal variare In this paper
however, we are not interested in allowing a high internal vance, rather in

detecting the very small variances that exist between the thamic nuclei.

Our method consists in propagating a set of coupled level sets tlugh a
region based force according to Paragios et al. (18). The feris de ned from
the similarity measure between the most representative tensor each level
sets and its neighboring voxels. All surfaces evolve while remeig dependent

on each other through a coupling force (18).

First, we will brie y present the concept of di usion tensors andbasic theories

on region based front propagation with level set implementain. We will then



show how to use similarity measures for di usion tensors to propatga surface
and how this can be used for white and gray matter segmentatiomhe results

are compared to anatomical atlases.

2 Theory
2.1 Diusion Tensor Imaging and Tensor Similarity Measures

DT-MRI is an imaging modality that provides in every voxel a seond order
di usion tensor, a 3 by 3 symmetric and positive de nite matrix. Under the
DT model, the shape of the diusion probability density function in every

voxel is estimated by an anisotropic Gaussian.

The di usion coe cient in a certain direction, X, where x*is a unit vector in

R3, is given by the double contraction of the DT with the vector:

d(®) = XD %: 1)

A way of directly comparing the di usion in two di erent voxel s is to compare
the di usion coe cient over all directions, %, covering the unit sphereS?2. We

de ne the integrated similarity (1S) as:

i G d(®)

o™ g A * @)

1
IS(D1;Dy) = 1

whered; (%) is the di usion in direction % for the di usion tensor D;. The IS

gives us a percentage of the common di usion for the two tensors.

To nd the most representative tensor among a group of DTs, Joneg al.



(19) use a distance metricd; , between two tensors, D;; Dj):

q
dij = (D; Dj) (D i Dj): (3)

The most representative tensor of a data set by computing this dehce be-

tween each pair of tensors. Thus, for each tensor we compute

4P g2
— i=1;j6i M (4)
@ n 1

The most representative tensor is then the tensor with lowest vaduofc,.

We will use this approach later to de ne the most representativéensor of the

set of tensors contained within our level set.

2.2 Geometric Flows and Level Set Implementation

Geometric ows and especially curvature- or curve shorteningpws are be-
coming more and more important tools in computer vision. A cwature ow
is a curve or surface that evolves at each point along the norinaith the
velocity depending on the curvature at that point. This proess leads to a
smoothing of the curves or surfaces and eliminates noise e ect$he theory
is well developed for the two dimensional case and even thoughmsoof the
properties of the 2D curves, such as the property of shrinking t® point un-
der curvature ow, do not hold in the 3D case, the main part of tke theories

remains valid and works well for segmentation of 3D objects.

To use the geometric ows for image segmentation, the evoluticof the curve

or surface has to depend on external properties determined the image fea-



tures. A classical speed function to segment gray scale images isdzhon the
gradient of the images and goes to zero when the surface apmtoes an edge

(20).

A general ow for a 3D closed surface can be described as:

%t:(m )N; (5)

whereF is an image based speed function which in our case is dependent on
the di usion image, is the curvature of the surfaceS de nes the surface N

is the normal to the surface and is the time.

To solve this time dependent PDE we use the level set method, iottluced by
Osher and Sethian (21), where the evolving surface is considkes a constant
level set of an embedding function. This leads to a numericaktable algorithm
that easily handles topology changes of the evolving surfacehe embedding
function is called the level set function, (t), of the evolving surface. It has
been shown by Osher and Sethian (21) that the evolution of the elevel
set coincide with the evolution ofS(t). Thus, the evolution of the level set

function is described by:

e GE I ©

The Geodesic Active Region model was rst introduced by (18). Tén key
hypothesis is that the image is composed of homogeneous regiamd that
the probability of a pixel belonging to a certain region can & determined

from the intensity histogram.



In our case, the probability of a voxel belonging to a certainegion is deter-
mined by the tensor similarity between a voxel and the most repsentative
tensor, computed according to (3), (4), for that region. Ever voxel in the
vicinity of the evolving surfaces is then associated to a regidsy computing
the similarity between the tensor in that voxel and the represdative tensors
of each level set. The similarity measure that we use for compagithe tensors

is the integrated similarity presented in (2).

The similarity measure is the percentage of the common di usioeach tensor
has with the di erent regions. This percentage can be considst as a proba-
bility measure of a voxel belonging to a certain region. A regin based force

can then be de ned according the theories of Paragios et allg):

IS(D; Dyp )

Fi = max(IS(D; Dyp jsi)) (7)

where IS is the integrated similarity described in (2)Dy, is the most repre-
sentative tensor associated with the level set; and is computed according to
(4). It is continuously recalculated as the surface evolvek; grows the surface,

Si, in the direction of the voxels of di usion most similar toDp, .

2.3 Coupling Forces

When propagating several curves, overlapping can occur, méagthat a voxel
has been initially attributed to two di erent regions. To avoid this, a constraint
has to be applied. This is done by adding an arti cial force irthe direction
of the normal, to the corresponding level set motion equationg.he force

will penalize voxels which have been attributed to more thamne region. If



necessary, voxels that have not yet been labelled will also benpéized to force
each voxel to belong to a region. The coupling forces for easlrface,H;, are

de ned as in (18):

8

1

N 1 (8)

§+1; if x>a
Hi(; j(9)= §

tanl(l) tan(x=a); if jxj a

Here,ais a parameter to decide within which distance the coupling foe shall

act.

2.4 Final evolution

Each one of our surfaces, are now evolving according to:

GE-(Fi+ i+ HON ©

whereF; is the regions based force (7),; is the mean curvature andH; is the

coupling force.

3 Material and Methods
3.1 Implementation details and parameters

The method has been implemented in Matlab 6.1 (The MathWorkslnc.)

except for the reinitialization of the signed distance functin, which has been

10



implemented in C and compiled with the mex-library.

3.1.1 Convergence

The evolution of the surfaces is automatically stopped when ¢éhzero level set

only have moved insigni cantly after 10 iterations.

3.1.2 Preserving the Signed Distance Function

The evolving surface is considered as the zero level set of itgeleset function.
Due to local dependence of the propagation speed the evolutiof the other
level sets diers from the zero level set. This creates irrecarities that will

deform the level set function. A correct level set function isracial for a correct
and smooth evolution of the surface, since both computation obrmals and
curvatures are directly dependent on it. Therefore, a reitialization of the
level set function is made regularly. It is implemented usinghe fast marching

method to solve the partial di erential equation (PDE) (22):

jr j=1: (10)

3.1.3 Weighting the Speed Terms

The di usion dependent, F;, and the curvature dependent, ;, speed for each
surfaceS;, is not always of the same order. For a satisfactory regularizah
without inhibiting the front propagation it is therefore important to set the

weighting factor between them correctly. Hence, we have thelliowing relation:

11



—=(Fi+ i+ H{)N; (11)

where , , are weighting parameters.

Finally, the level set function has the following evolution:

@; : :
@lt:(Fi"‘ i+ Hi)jr ] (12)
The parameters are setto =10, =1and =1 for all experiments.

3.2 Synthetic and real data set

The method has been tested on synthetic data and on di usion datom two

healthy volunteers.

3.2.1 Synthetic data set

The method was rst validated on a synthetic tensor volume containg regions
of tensors with slightly di erent di usion properties. Values from di erent
regions of the thalamus were used. These tensors were then pthae six
regions in a 3D volume and rician noise was added (23). A cut of slice
through the regions can be seen in Fig 1. To initialize the suidas we ran a
k-means clustering algorithm as in (6) and the center pointsfdhe obtained

clusters were then used as initialization points.

The algorithm was then applied to the tensors elds with a signleto-noise-

ratio(SNR) of 32. With a lower SNR such similar regions can not beistin-

12



guished so for segmentation of the thalamic nuclei we will cldgmeed good

imaging acquisitions with a reasonably good SNR.

3.2.2 Real data set

The images were obtained with a single shot EPI sequence on a 3Teha
scanner from Philipps. Six di usion weighted images and 1 withd di usion

weighting were acquired. TR and TE were respectively 4858 m&ica 78 ms
and b value was set to 1000mm/s2. We acquired 24 axial slices in 362by
201 matrix that was interpolated to a 256 by 256 matrix, coveng the region
of the deep cerebral nuclei. The voxel size was 1.0 mm by 1.0 mnthva slice
thickness of 2.0 mm without gap. The data were again interpdied to 1.0mm

by 1.0mm by 1.0mm.

Informed consent was obtained in accordance with instituticad guidelines for

all of the volunteers.

To validate the results, the segmented thalamus was de ned acding to the
plane crossing the anterior (AC) and the posterior (PC) commissas (AC-PC
referential) and co-registrated with digital images of the &altenbrand and

Wahren stereotactic atlas (SWSA) (24).

4 Results

In Fig. 1 the regions have been segmented on the synthetic tenseld without
any noise added. The results is displayed as curves on a backgrbicolor
that represents the result from the k-means algorithm (6). We sethat our

method manages better to segment the regions that are more mdated. The

13



k-means clustering algorithm weights the distance betweendftensors as well
as the similarity between them and when they are far apart theget more
easily attributed to an other region. If the algorithm puts mae weight to the
similarity than the spatial distance the clusters becomes lessntered and non-

connected clusters can appear. In Fig. 1 the same segmentatidrasre been

made on a eld with a SNR = 32.

Fig. 1. a) A cut of the synthetic tensor eld used to test the segmentation method.
The form of the tensors can be seen in each voxel displayed onclor map repre-
senting the anisotropy and principal direction (25). b) The segmentation result on
a synthetic eld without any noise added. c) Segmentation wth SNR = 32. The
results from the coupled, level set algorithm are displayedas curves on the segmen-
tation result obtained with the k-means algorithm, that is di splayed as the colored
background. In general, the level set methods results in a heer segmentation for

elongated structures and when noise is present.

4.1 Segmentation of the thalamus.

For the segmentation of the thalamus, a bloc of the complete irgas contain-
ing the desired structure was selected. With an a priori knowlgg of brain
anatomy several surfaces was initiated manually in the di erg structures by

looking on color maps (25). A typical choice of initial surfags can be seen in

14



Fig. 2. The high resolution of our images makes a high distincih between
regions that we initiate two surfaces for the thalamus, one sate for the an-
terior part and one surface for the posterior part. The posteriopart itself is

one of the nuclei, the pulvinar nuclei.

Fig. 2. Placing of the initial surfaces for the segmentationof the thalamus. a) Color
map of a horizontal section of a tensor eld. b) The selected at where the segmen-
tation algorithm is run with the initial surfaces. They aim t o segment the following
structures: A: Thalamus anterior, B: Thalamus posterior (pulvinar nuclei), C: Cap-

sula interna, crus posterius (cortico spinal tract), D: Radiato optica and Fasciculus

longitudinalis superior, E: The third ventricule.

The thalamus has been segmented on two di erent subjects. Thestdts for

one of the subjects can be seen in Fig. 3, 4 and 5.

Taking the segmentation one step further we have segmented theatamic

nuclei. For this the thalamus segmentation is used as a mask. Tlserfaces
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Fig. 3. The segmentation of the thalamus displayed as a 3D stiace on a horizontal

cut of the fractional anisotropy map. The anterior (red surface) and posterior part

(pulvinar nuclei, blue surface) are segmented separately.

are initialized by running the k-means algorithm by (6). Thecenter of each

cluster was the used as initial points for the surfaces.

The results can be seen in Fig. 8, 6 and 7. From the result the di ent nuclei

have been identi ed by an expert.

Fig. 9 shows the correlation between axial slices of the segmehtthalamus
performed 2 and 7 mm above AC-PC plane and co-registered withd slices
of the SWSA performed at the same levels. Pu. Pulvinar, Ce: natls cen-
tralis, M : nucleus medialis, A : nucleus anterior, Lp : nucleutateropolaris
. Zc+Zim+Zo : nucleus Zentrooralis caudalis, intermedius ath oralis, Tmth:

tractus mamillothalamicus, Vc: nucleus ventrocaudalis, Vim: ucleus ventralis

intermedius, Vo: nucleus ventrooralis.
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Fig. 4. The segmentation of the thalamus displayed on horizotal cuts of the frac-

tional anisotropy map. The anterior (red surface) and posteior part (pulvinar nuclei,

blue surface) are segmented separately.

5 Discussion and Conclusion

We have presented a new method for segmenting DT-MRI by using disive
similarity. The similarity is used to de ne a region based forcehat drives a
set of coupled 3D surfaces towards the optimal segmentation. &method is
implemented using the level set method and has been applied taRI of
white matter as well as gray matter. The method has shown to beapable
of distinguishing and separating regions with only very subtleigrences in

di usion such as the di erence between the thalamic nuclei.
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Fig. 5. The segmentation of the thalamus displayed on coronlecuts of the fractional
anisotropy map. The anterior (red surface) and posterior pat (pulvinar nuclei, blue
surface) are segmented separately.

The method we propose to segment the thalamus and the thalamiaciei is a
continuation of our work on ber tract segmentation. It distinguishes itself on
three main points. The rst main di erence of our approach is tlke similarity
measure we use. It is capable of detecting very subtle changesi®en tensors.
When segmenting gray matter structures these subtle di erencesre more

important than for white matter segmentation.

The second important point in our work is the choice of the mosepresentative
tensor of each level set. The approach proposed by Wang et al. Yi2to com-
pute a mean tensor for each region. For regions with high inteesemblance,
the mean tensor has a tendency of developing towards an isotiopensor and

all regions will then be associated to similar tensors. This can lagoided by us-
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Fig. 6. The segmentation of the thalamic nuclei displayed onhorizontal cuts of the

fractional anisotropy. Segmentation is made in 14 parts.

ing a method proposed by Jones et al. (19) that was originallysed to nd the
tensor image that best represented a whole set of images. We haansformed
this method to nd the tensor that best represents the set of tenssrcontained
within a surface. The third important di erence is the use of sesral coupled
level sets that each represent a region we wish to segment. Whenrseqgt-
ing structures with such complex architecture as the brain, siply separating
foreground and background is mostly insu cient. Using such a simptation
leads to either an over- or under segmentation of the desired stture. Using
several coupled level set that each represents a region, in@esrobustness of

the method.
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Fig. 7. The segmentation of the thalamic nuclei displayed oncoronal cuts of the

fractional anisotropy. Segmentation is made in 14 parts.

When comparing results with the k-means algorithm we can statthat the
advantages of the k-means algorithm are that it is fast and deenot require
any pre-initialization. The advantages of our methods are higher exibility
regarding the shape of the nuclei and that it diminishes the iruence of noise

due to the self-regularization of the surfaces.

The method generates good results for segmentation of the thalus. As for

the thalamic nuclei, our validation study shows that the levelset method

20



Fig. 8. The segmentation of the thalamic nuclei seen in 3D. Sgmentation is made

in 14 parts.

Fig. 9. The segmentation of the thalamic nuclei co-registerd with SWSA.

applied on DT-MRI of the thalamus provides an overall consisté segmen-
tation of the thalamic nuclei related to their anatomical paition de ned by
the SWSA. For some nuclei (pulvinar), it was even able to show sulvisions
within the structure, already described in the SWSA. For othergnucleus ven-
tralis or zentrooralis), it could not recognize the caudalntermediate and oral

portions of the nucleus. Comprehension of these observationsbisyond the
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scope of this paper and should be better analyzed in a further sty
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