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ABSTRACT

Efficient, automatic and robust tools for measurement of cere-
bral cortical thickness would aid diagnosis and longitudinal
studies of neurodegenerative disorders. In this work, we seg-
ment a 3D magnetic resonance image of the brain using an
Expectation-Maximization approach. The definition of thick-
ness used is based on the solution of Laplace’s equation in the
cortex. Unlike other works, finite difference equations for cal-
culation of cortical thickness are generalized for anisotropic
images in order to avoid resampling the input images. We also
developed a method which combines information from the
thickness estimation with the segmentation probability maps,
in order to detect missegmented sulci and correct the segmen-
tation accordingly.

Index Terms— Cortical thickness estimation, Sulci seg-
mentation

1. INTRODUCTION

The cerebral cortex is a sheet of gray matter located on the
outer surface of the brain. The gray matter (GM)/white mat-
ter (WM) interface is the inner boundary of the cortex, while
the gray matter/cerebrospinal fluid (CSF) interface is the outer
boundary. Measurement of cortical thickness from 3D mag-
netic resonance (MR) images can aid diagnosis and longitu-
dinal studies of a wide variety of neurodegenerative and psy-
chiatric disorders, such as Alzheimer’s disease, schizophrenia
and epilepsy. Manual measurements are labor intensive, inac-
curate and irreproducible.

The segmentation of the cortex is complicated by the pres-
ence of noise and a bias field (intensity inhomogeneities).
Measurement of cortical thickness also presents several chal-
lenges. The definition of cortical thickness is a source of de-
bate and is difficult to define for the highly convoluted topol-
ogy of the cortex. Definitions of cortical thickness applied
by other works include nearest point [1] and coupled surfaces
[2, 3]. Unlike these, the Laplacian definition of thickness pro-
posed by Jones et al. [4] exhibits uniqueness and reciprocity.

The finite resolution of MRI results in the partial volume
effect, where a voxel in an MR image consists of more than
one tissue type. Opposite banks of tight sulci may appear
fused as CSF is not detected between the folds of gray mat-

ter. This results in erroneously high thickness estimates for
these regions. Two approaches for automatic computation of
cortical thickness from MR images are the use of deformable
models and voxel-based methods.

Zeng et al. [2] use coupled surfaces propagation to si-
multaneously deform two surfaces to fit the inner and outer
boundaries of the cortex. The authors (and other works [3])
use a thickness constraint to ensure that the two surfaces re-
main within a predefined normal range of each other. This
approach allows the detection of deep sulci, but may hin-
der measurement of abnormal cortical thickness. Deformable
models are robust to noise and capable of operating in the
continuous spatial domain and therefore achieving subvoxel
accuracy. However, their major limitation is high processing
times in the order of hours [1, 3], attributed to the prevention
of self-intersections.

Voxel-based thickness estimation methods are more com-
putationally efficient. Lohmann et al. [5] propose a mor-
phology based method to segment and measure gray matter
thickness. GM/CSF partial volume voxels between oppos-
ing banks of sulci are identified as having neighboring voxels
which are closer to white matter, based on a distance trans-
form. However, this method requires removal of noise and
intensity inhomogeneities in a prior step. Srivastava et al. [6]
account for these artifacts during the segmentation and com-
pute cortical thickness using a geodesic distance transform.
Lacking in their approach is the detection of sulci, however.

The voxel-based method of Hutton er al. [7] uses the
Laplacian definition of thickness and thickness information
to identify deep sulci. However, no additional information is
used to ensure that sulci are correctly identified. Kim er al.
[8] include mixed tissue classes, as well as pure tissue classes
in their segmentation model. Any voxels containing CSF are
added to a binary mask, which is skeletonized and defines
the outer boundary. This is followed by deforming polygo-
nal meshes to reconstruct the boundaries of the cortex, with a
reported processing time of 20 hours [9].

We measure cortical thickness using the Laplacian thick-
ness definition in a voxel-based approach. While other works
[4, 5] resample anisotropic (non-uniform voxel dimensions)
MR images to obtain isotropic voxels, we generalize the equa-
tions for anisotropic data. Haidar et al. [10] also solve Laplace’s
equation for anisotropic data, but they calculate the thick-



ness by summing the Euclidean distance between neighbor-
ing voxels following the streamlines. The approach of Yezzi
and Prince [11], which we employ, does not require explicit
construction of the streamlines and is not restricted to one
neighbor for computation of thickness. We use information
from the thickness estimation algorithm, combined with prob-
ability maps from the segmentation, to detect and correct the
segmentation of deep sulci.

2. METHOD

2.1. Segmentation

The input MR image is segmented using the statistical algo-
rithm proposed by Van Leemput et al. [12]. The intensity his-
togram of the MR image is modeled as a mixture of Gaussian
distributions. The Expectation-Maximization (EM) algorithm
is used to iteratively update the model parameters and tissue
classifications in order to maximize the likelihood of the im-
age data. Bias field correction and a Markov random field
to compensate for noise are included in the EM framework.
The resulting output probability maps (soft classifications) for
each class are discretized by assigning each voxel to its most
likely tissue type.

The algorithm is automatically initialized by a priori prob-
ability maps for the spatial location of gray matter, white mat-
ter and CSF that are affine registered to the MR image using
a block matching technique [13]. These a priori probability
maps are also used during the EM iterations to give spatial
information.

2.2. Thickness Estimation

A definition of thickness requires a unique association be-
tween two points and some definition of thickness between
them. We use Laplace’s equation, a second order partial dif-
ferential equation (PDE), to define thickness in the cortex [4]:
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The white matter and CSF voxels adjacent to the boundaries
of the gray matter are set to fixed potentials. Laplace’s equa-
tion is then solved in the gray matter volume. The solution
f(z,y, z) is a scalar field which divides the cortex into a set
of equipotential sublayers.

The gradient of the Laplace solution is computed using
the central differences method and normalized. Each unit vec-
tor is perpendicular to the sublayer on which it sits. Starting
from a point a on the inner boundary, the unit vector field
traces a path to a point e on the outer boundary (Fig. 1a).
This streamline connects pairs of points on the inner and outer
boundaries and its length defines thickness in the cortex. This
definition of thickness is 3D, unique and robust when applied
to the cortex.
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Fig. 1. a) The solution of Laplace’s equation divides the cor-
tex into equipotential sublayers. b) Sulci detection method
uses information from the thickness estimation.

2.2.1. Finite Differences for Anisotropic Images

The method of finite differences approximates PDEs, allow-
ing them to be solved on a discrete grid. Jones et al. [4] re-
sample anisotropic MR images using trilinear interpolation to
achieve uniform voxel dimensions. Since the segmentation is
intensity based, trilinear interpolation would modify the voxel
intensities and therefore potentially cause misclassifications.
Alternatively, the output probability maps of the segmentation
can be resampled. However, interpolation modifies the prob-
ability maps and could cause erroneous hard classifications.

To avoid resampling, we solve the Laplace finite differ-
ence approximation for anisotropic images iteratively:
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where the spacing between neighbouring voxels in the z,
y and z directions are a, b and ¢, respectively; fi1(x,y, 2)
is the potential of the voxel at coordinates (x, y, z) during the
(i + )™ jteration.

The length of the streamlines are computed using a pair
of first order linear PDEs, proposed by Yezzi and Prince [11].
Let Lo(z,y, z) be a function that measures the arc length of
the streamline from the inner boundary to a point in the gray
matter, L1 (z,y, z) be the arc length of the streamline from
the outer boundary to the point, and T be the unit vector that
is tangent to the streamline passing through the point. The
total length of the streamline through the point is therefore
the sum of Ly and L;. The finite difference approximations
used to obtain these two functions are also generalized for
anisotropic images:
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and similarly for y, z, b and c.

The white matter and CSF voxels at the boundaries of the
gray matter are initialized to half the negative mean voxel
spacing — (a+é)+c)’ since distances are measured between
the centers of adjacent voxels. Equations (2), (3) and (4) are
solved iteratively using the successive overrelaxation (SOR)
method. With a good relaxation factor, SOR can require half
as many iterations as the Gauss-Seidel method. Based on ex-
periments on real MR images, we chose a relaxation factor of
1.28 for Equation (3) and 1.2 for Equations (3) and (4).
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Table 1. Synthetic spherical shells 3 mm thick were generated
to test the accuracy of the thickness estimation.

Resolution Axes; , Axes; Min Max Mean
0.5x0.5x0.5 3.00 3.00 2.67 3.08 2.86+0.08
0.5x0.5x1 2.83 3.33 247 338 2.80%0.16
1x1x1 3.00 3.00 237 323 27240.17
1x1x1.5 2.83 3.33 2.09 337 268+0.24

2.2.2. Sulci Detection

Sulci detection is performed after one pass of the thickness es-
timation algorithm. It involves region growing in areas which
have thickness values higher than expected for the cortex, and
also uses information from the unit vector field and the out-
put probability maps (pmaps) of the segmentation. The sulci
detection method concentrates on the outer boundary of the
cortex.

The cortex is known to be no thicker than approximately
5mm [3]. Lo(z,y, z) gives the distance from the inner bound-
ary. Thus regions where L values are greater than 5 mm
potentially contain misdetected sulci, composed of GM/CSF
partial volume voxels. The gray matter probabilities of these
voxels would be lower than pure gray matter voxels.

The sulci detection is illustrated in Fig. 1b and consists of
the following steps:

1. Voxels with thickness value greater than 5 mm are
placed in a binary mask. The connected components of this
mask are labelled. Each component is a local region for find-
ing sulci.

2. The maximum gray matter probability p,,., in each
thick region is computed. The minimum gray matter prob-
ability p,,;, in the interior of the gray matter is also com-
puted for each thick region. Voxels along the boundaries of
the gray matter are excluded from computation of the mini-
mum as they are expected to have low probabilities.

3. [If the difference between p,,q. and p,;, are suffi-
ciently high (> D), the region potentially contains partial vol-
ume voxels. Two thresholds are set, t,,in, = Prmin+APmaz —
pmzn) and tmae = Pmin + B(pmax - pmzn)

Table 2. Ten isotropic real MR images were subsampled by
discarding every second slice. The percentage of voxels (£
STDV over 10 images) with thickness values >5.5 mm indi-
cate erroneously thick areas and consider cortical voxels only
(i.e. exclude subcortical gray matter and the cerebellum). The
mean thickness values (&= STDV over 10 images) consider
voxels along the inner boundary of the cortex.

Mean No. thickness
Image thickness (mm) >5.5 mm (%)
Isotropic 1x1x1 mm 3.18 £ 0.10 7.26 £ 1.55
Anisotropic 1x1x2 mm 341 +0.11 10.66 £ 1.58
Resampled MR image (trilinear) 3.63 + 0.09 11.11 £ 1.90
Resampled pmaps (trilinear) 320+£0.13 8.50 £ 1.31

4. Gray matter voxels which are in the interior of the gray
matter, have L values greater than 5 mm and have less than
tmin probability of being gray matter are seeds for the region
growing.

5. The region growing process follows the direction of the
unit tangent field (towards the outer boundary) to find con-
nected partial volume voxels. Gray matter voxels with proba-
bilities below t,,,, are added to the seed. The region growing
also follows the opposite direction of the unit tangent field to
find gray matter voxels with probabilities below ¢,,,4, and Lg
greater than 5 mm. This is because it is unknown where the
seed voxels were situated.

6. After a predefined number of iterations, the region
growing stops and the result is skeletonized to obtain one
pixel-wide sulci. These voxels are reclassified as CSF.

7. The thickness estimation is re-run within the thick re-
gions.

Experiments on real MR images found that the values
D = 0.05, A = 0.8, B = 0.9 and four region growing it-
erations give reasonable results.

3. RESULTS AND DISCUSSION

We implemented the segmentation and thickness estimation
algorithms in C++, as filters for the Insight Segmentation and
Registration Toolkit (ITK). On a 2.2 GHz computer, the reg-
istration, segmentation and thickness computation (including
sulci detection) of a 250x250x180 image take 1.5 minutes, 3
minutes and 1 minute, respectively.

Images of spherical shells with isotropic and anisotropic
voxel dimensions were generated to test the accuracy of the
thickness estimation (Table 1). For isotropic images, the thick-
ness measurements are accurate along the axes of the sphere.
This does not occur for anisotropic images due to the bound-
ary values of Equations (3) and (4) being initialised to neg-
ative half of the mean voxel spacing. The higher the differ-
ence in the voxel spacings, the higher the error. The thickness
is overestimated in one direction, but underestimated in the
other direction. Since the cortex is highly convoluted, these
are expected to even out.
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Fig. 2. Results of the sulci detection. a) Original MR image,
b) Thickness map after first pass of the thickness estimation,
and c¢) Corrected thickness map after second pass.

Table 3. The thickness of twenty isotropic real MR images
was computed with and without sulci detection. The metrics
used are the same as described in Table 2.

Mean No. thickness

Image thickness (mm) >5.5mm (%)

No sulci detection 3.19 £ 0.12 11.77 £ 1.76
With sulci detection 3.15+0.11 6.88 + 1.49

Table 2 compares the thickness measurements of anisotro-
pic images and images which were resampled. Resampling
the MR image before segmentation results in greater mean
thickness than no resampling because linearly interpolated
voxels with intensities intermediate of pure gray and white
matter tissues were assigned to the class with the greater vari-
ance, which is gray matter. However, resampling of the prob-
ability maps resulted in thickness measurements close to the
original isotropic images. We conclude that low resolution
anisotropic images would benefit from resampling the proba-
bility maps, whereas the generalized thickness equations can
be applied to high resolution images (i.e. 0.5x0.5x1 mm).

Fig. 2 illustrates the correction of the segmentation by the
sulci detection. Table 3 shows that sulci detection reduces the
number of voxels with erroneously high thickness values. The
sulci detection method relies on a reasonable difference be-
tween probability values of pure gray matter voxels and par-
tial volume voxels. However, the Markov random field causes
the gray matter probabilities to be saturated, thus its strength
could be decreased. Alternatively, partial volume estimation
could be performed and used instead of probability maps.

4. CONCLUSION

We have presented a fully automated, computationally fast
and robust method which segments a 3D MR image and com-
putes the thickness of the cerebral cortex in approximately 5
minutes. The finite difference approximations solved in the
thickness estimation are generalized for anisotropic images.
Sulci detection decreases the number of erroneously thick ar-
eas in the cortex from 12% to 7%.

The accuracy of the thickness estimation depends on the
quality of the segmentation. We have succesfully combined

information of cortical thickness and tissue probability to im-
prove the segmentation of sulci, which in turn improves the
accuracy of the thickness estimation. An avenue for future
work could be to include thickness as a priori information
in the EM segmentation. The sulci detection focuses on the
outer boundary of the cortex, but a similar approach could be
devised to also detect sulci along the inner boundary. Also in
this study, we have confined the search of sulci within regions
thicker than 5 mm. However, sulci can also be misdetected
in areas where the cortex is extremely thin, and future work
will extend this approach to these regions, enforcing a spatial
continuity in thickness measurements.
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