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ABSTRACT
We developed and validated a new method to create
automated 3D parametric surface models of the lateral
ventricles, designed for monitoring degenerative disease
effects in clinical neuroscience studies and drug trials. First
we used a set of parameterized surfaces to represent the
ventricles in a manually labeled set of 9 subjects’ MRIs
(atlases). We fluidly registered each of these atlases and
mesh models to a set of MRIs from 12 Alzheimer’s disease
(AD) patients and 14 matched healthy elderly subjects, and
we averaged the resulting meshes for each of these images.
Validation experiments on expert segmentations showed
that (1) the Hausdorff labeling error rapidly decreased, and
(2) the power to detect disease-related alterations
monotonically improved as the number of atlases, N, was
increased from 1 to 9. We then combined the segmentations
with a radial mapping approach to localize ventricular shape
differences in patients. In surface-based statistical maps, we
detected more widespread and intense anatomical deficits as
we increased the number of atlases, and we formulated a
statistical stopping criterion to determine the optimal value
of N. Anterior horn anomalies in Alzheimer’s patients were
only detected with the multi-atlas segmentation, which
clearly outperformed the standard single-atlas approach.
1. INTRODUCTION
The ventricular system is a fluid-filled structure in the
center of the brain, surrounded by gray and white matter
structures that are affected by neurodegenerative diseases.
Ventricular measures and surface-based maps provide
sensitive assessments of atrophy, which correlate with
cognitive deterioration in AD [1,2], HIV/AIDS [3],
schizophrenia [4,5] and offer a potential approach to
evaluate disease progression in large-scale drug trials.
Despite years of efforts in automated surface
parameterization, the concave shape, complex branching
topology [6] and extreme narrowness of the inferior and
posterior horns have made it difficult for voxel-based

1424406722/07/$20.00 ©2007 IEEE

1288

classifiers to create accurate ventricular models, and for
subsequent surface parameterization approaches to induce a
grid on the entire structure [6]. For the vast image datasets
now being collected (e.g., 339 subjects in [2]), time and
expertise requirements make manual segmentations
impractical; more automated methods are urgently needed.
One promising approach nonlinearly registers each
image to a target image in which the structures of interest
have been labeled and parameterized; the labels are then
projected onto the unlabeled data using the computed
geometric transformations [7-10]. However, the chosen
reference image influences the results of label propagation;
different starting atlases result in different segmentations for
each subject. In [11-13], multiple segmentations were
combined, and the result was closer to manual labels than if
only one was used. ‘Targetless’ image warping also
combines multiple pairwise or groupwise registrations,
reducing registration errors in groups of images [14].
In this study, we validated a new automated technique
for 3D segmentation that combines multiple registrationbased surface models into one. We set out to show that this
increased label propagation accuracy and the power to
detect disease effects, without requiring any interactive
human input other than the initial expert labeling of a small
set of images. With this method, we then statistically
analyzed morphometric differences in the lateral ventricles
of subjects with AD, compared to healthy elderly controls.
To optimize the algorithm, we examined how the
segmentation error (symmetrized Hausdorff distance) and
the disease detection power (assessed using cumulative
distributions of surface statistics and the False Discovery
Rate) depended on the number of atlases.
2. MATERIALS AND METHODS
2.1. Subjects
3D T1-weighted MRI scans of 12 subjects with AD (age:
68.4 r 1.9 years) and 14 controls (age: 71.4 r 0.9 years)
were analyzed. All images were spatially normalized by a 9parameter transformation (3 translations, 3 rotations, 3
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scales) to the International Consortium for Brain Mapping
(ICBM-53) average brain template [7].
2.2. Ventricular Delineation
To build the labeled atlases, the anterior, posterior and
inferior horns of the left lateral ventricles were manually
traced separately in contiguous coronal brain sections,
following detailed criteria with established inter- and intrarater reliability [5,15].
2.3. Viscous Fluid Registration
We followed the approach proposed in [16] to deform the
unlabeled image onto a target image on which the lateral
ventricle had been manually traced. The deforming image
was treated as a viscous fluid with motion governed by the
Navier-Stokes equation, as pioneered by Christensen et al.
[17]. This equation can be written as
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Fig. 1. Example of fluid registration-based surface
propagation: the image on the left is the target image with a
manually traced ventricular contour (shown in red).
Through the fluid registration, the contour is mapped into
the unlabeled image (right panel), matching the geometry of
the posterior horn.
2.5. Ventricular Statistical Maps and Analysis
Surface contractions and expansions were then statistically
compared between groups at equivalent locations [1,3].
Local group differences in ventricular shape between
patients and controls were detected using Student’s t tests at
equivalent surface locations in 3D. The associated P-values
describing the uncorrected significance of group differences
were plotted onto the average surface model, producing a
color-coded map.

(2)

The 3D convolution filter derived in [16] was used to
implement a Green’s function solution of the fluid equation.
The summed squared intensity difference was chosen as the
cost function, which is reasonable given the high contrast of
ventricular CSF (though other cost functions are clearly
possible [18]). Transformations resulting from the fluid
registration were applied to the manually traced ventricular
boundary using tri-linear interpolation, and generated a
propagated contour on the unlabeled template images. Fig.
1 shows an example of registration-based label propagation.
2.4. Ventricular Shape Modeling and Distance Mapping
To identify regional differences in ventricular morphology,
we used surface-based mesh modeling to match
homologous ventricular surface points across individuals
[1,19]. Briefly, sets of points representing the tissue
boundaries from each region were resampled and made
spatially uniform by stretching a regular parametric grid
(100 x 150 surface points) over each surface. Homologous
grid-points from corresponding surfaces are then matched
across subjects to obtain group average parametric meshes.
For each surface model, a medial curve was defined as the
line traced out by the centroid of the ventricular boundary
([1]; see [4] for related work on M-reps).
The local radial size was defined as the radial distance
between a boundary point and its associated medial curve.

1289

2.6. Validation Study Design
To test our approach, surface models obtained automatically
were compared to manual segmentations for the three horns
of the lateral ventricles. The labeling error was measured
using the symmetrized Hausdorff distance, as follows:
Let us first define the distance d ( p, S ') between a point

p belonging to a surface S and a surface S ' as:
d ( p, S ') min || p  p ' ||2 ,
p 'S '

(3)

where || . ||2 is the usual Euclidean norm. The Hausdorff

S and S ' is then given by:
d ( S , S ') max d ( p, S ') ,
(4)

distance d ( S , S ') between

pS

This distance is not symmetrical, i.e. d ( S , S ') z d ( S ', S ) .
We will refer to d ( S , S ') as forward distance, and to

d ( S ', S ) as backward distance. It is then convenient to
introduce the symmetric Hausdorff distance d s ( S , S ') as
follows:

d s ( S , S ')

1
[d ( S , S ')  d ( S ', S )]
2

(5)

This quantity more accurately measures the error between
two surfaces; a distance computed relative to a single
surface can underestimate the true error.

3. RESULTS
3.1. Integrating Multiple Propagated Labels into One
Fig. 2a shows an example of a lateral ventricular surface
extracted using different atlas images. If the registrations
were perfect and there were no digitization errors, these
images would all look identical. The right panel shows the
average surface. The color bar represents the radial distance
in mm.
By integrating multiple labels, effects of random
digitization errors in each hand-traced segmentation are
significantly reduced. The resulting average model is also
somewhat robust to inaccuracies in individual registrations,
which may occur when non-global minima of the intensitybased cost function are reached.
3.2. Comparison with Manual Labeling
Automatically propagated ventricular surface labels agreed
closely with expertly labeled gold standard segmentations
(Fig. 2b) in tests on a randomly selected set of 8 patients
and 10 controls. Increasing the number of labeled atlases N
resulted in an asymptotic decrease in the averaged
symmetric Hausdorff error between manually and
automatically extracted models.

To determine the optimal value of N, we performed 2tailed t tests to see by how much Hausdorff errors fell when
adding an additional atlas, i.e., t-test(Error(N),Error(N+1)),
for the anterior and posterior horns. In this study, values of
N>3 did not detectably increase the power (Fig. 2f). Values
shown above the points represent the associated P-values.
4. DISCUSSION
Compared with the ‘single-atlas’ approach, ‘multi-atlas’
fluid registration increased the statistical power in our
surface-based morphometric study. The approach should
generalize to deformable surface maps of the hippocampus
and caudate; the optimal number of atlases to use depends
on the distribution of registration errors for each structure,
and whether there is any systematic bias between automated
and manual segmentations. Models may also be better
combined using approaches more robust to outliers, such as
median filters on binarized labels. The accuracy and power
gained may also depend on imaging protocol differences
between the labeled and test images. The incremental value
of this method versus any standard approach depends on the
statistical power required. It may benefit drug trials where
power is low and image acquisition is costly. This technique
may also empower neuroscientific research to find specific
genes, risk factors or neuroprotective treatments that modify
rates of brain degeneration.
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3.3. 3D Ventricular Maps and Statistical Analysis
Statistical maps of mean radial distance comparing groups
and maps of P-values for localized group differences are
shown in Fig. 2c,d. As expected, patients with AD show
localized volume enlargements in the posterior horn of the
ventricles and in the mid-portion of the anterior horn (see
[2]). The group-averaged ventricular surface models were
automatically generated using 4 randomly selected atlases
from the control group. P-value maps describing the
significance of group differences were plotted onto the
model surface. As shown in Fig. 2d, the total area of
suprathreshold statistics (red) increased with N.
Under the null hypothesis of no group difference, a plot
of the cumulative distribution function (CDF) of the
observed versus null P-values is approximately diagonal.
However, if significant changes are detected, the CDF
increases rapidly from 0 over the small interval [0, D ] and
then levels off close to 1. Here we obtained P-values for a
set of 60,000 surface points covering the anterior and
posterior horns. Inferior horn points were hard to delineate
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manual ‘gold standard’ for that region might be error-prone
itself. Fig. 2e shows the cumulative P-value distribution,
and the effect of varying N from 1 to 4. The pink dashed
line represents the expected CDF under the null hypothesis.
As shown, the statistical power increases with N.
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