
Abstract1

We introduce a system that automatically segments
and classifies structures in brain MRI volumes. It
segments 144 structures of a 256x256x124 voxel
image in 18 minutes on an SGI computer with four
194 MHz R10K processors. The algorithm uses an
atlas, a hand segmented and classified MRI of a
normal brain, which is warped in 3-D using a hier-
archical deformable registration algorithm until it
closely matches the subject. This customized atlas
contains the segmentation and classification of the
subject’s anatomical structures. The system has
processed 198 MRIs of normal brains, and 3 MRIs
and 1 CT of brains with pathologies. Quantitative
evaluations yield high segmentation accuracy.
Combined with domain knowledge, the registration
algorithm is able of detecting asymmetries and
abnormal variations in the subject’s data that indi-
cate the existence and location of pathologies.

1. Anomaly Detection

Medical experts detect anomalies by comparing a
particular subject to normal cases. In Figure 1, the
normal brain is approximately symmetric across
the center line, e.g. the pair of lateral ventricles
have symmetric shapes and sizes. However, the
pathological brain lost this symmetry, which is an
indication of the existence and location of an
anomaly, i.e. a bleeding.

Our research assists the diagnosis by automating
the comparison process. Our reference is anatlas,
a magnetic resonance imaging (MRI) volume of a
normal brain. It contains 123 slices, and each slice
is a 256x256 pixel matrix. An expert spent 8
months to manually segment 144 anatomical struc-
tures, and gave each structure a unique label. The
labels of the structures were color-coded to illus-
trate the segmentation, Figure 2. We developed a 3-
D hierarchical deformable registration algorithm,
which constructs a mapping from the atlas to a sub-
ject. By applying the mapping to the color-coded
segmentation of the atlas, we acquire acustomized
segmentation of the subject’s anatomical struc-
tures, Figure 2. We combine the registration result
and the segmentation information with domain
knowledge to aid anomaly detection.

2. Problem definition

The data we work with is T1 weighted MRI. An
MRI volume is a series of parallel cross-sections
along one of three principal axes, see Figure 4.

The atlas may differ from a subject in two ways.
Genetic and environmental factors cause variations
in the shape, size, density, and location of anatomi-
cal structures, i.e. variations that are local and
intrinsic. The lack of standards in the data acquisi-

1. This research has been sponsored in full or in part by Office
of Naval Research (ONR) under Contract N00014-95-1-0591.
The views and conclusions contained in this document are
those of the authors and should not be interpreted as represent-
ing the official policies, either expressed or implied, of ONR
or the U.S. Government.

Lateral
Ventricles

Bleeding

Figure 1. Compare a normal (left) and
an abnormal brain.
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tion process causes variations in the orientation,
scale, resolution, and intensity consistency, i.e.
variations that are global and extrinsic. The regis-
tration process compensating both kinds of varia-
tions to match the atlas to the subject.

3. Hierarchical Deformable Registration

Because variations can be geometrical or intensity-
wise, intrinsic or extrinsic, we adopt a hierarchical
approach. It involves two interleaving hierarchies,
one is a hierarchy of intensity equalization

schemes, one is a hierarchy of geometrical deform-
able models, see Figure 4. First, we grossly equal-
ize the intensities of the atlas and the subject
volumes, and transform the atlas to globally align
with the subject (section 3.1). Based on this initial
alignment, we apply a more localized intensity nor-
malization, and employ a smooth deformation to
roughly match the anatomical structures of the
atlas to those in the subject (section 3.2). This cor-
respondence then allows a more informed intensity
transformation between the two volumes, and a
fine-tuning deformation fits the atlas more pre-
cisely to the subject. (section 3.3). This automatic
algorithm starts by trying random similarity trans-
formations and picking the optimum one(8). Itera-
tive optimization algorithms are used to determine
the deformation parameters at all levels.

3.1. Global Alignment

The first level deformable model adjusts the extrin-
sic variations between the atlas and the subject by
rotating, translating, and uniformly scaling the
atlas to match the subject. The quality of a match is
measured by the sum of squared differences (SSD)
between the intensities of corresponding voxels in
the two volumes. Separate imaging processes may
result in different intensity distributions in the atlas
and the subject volumes. The first level intensity
equalization levels the mean and standard deviation
in the two volumes to roughly correct this discrep-
ancy. The Levenberg-Marquardt non-linear optimi-
zation algorithm is used to iteratively adjust the
transformation to reduce the SSD. We use multi-
resolution processing and stochastic sampling for
efficiency and to help prevent the optimization
from being trapped in local minima.
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Figure 2. Illustration of the comparison process.
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Figure 3. MRI scans along the principal axes.
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Figure 5 shows example cross-sections of the atlas
and a subject, before and after the global align-
ment. The atlas is rotated, scaled, and translated to
grossly match the subject. The label of an anatomi-
cal structure, the corpus callosum, in the trans-
formed atlas is directly applied to the subject data.
It does not align well with its counterpart in the
subject.

3.2. Smooth Deformation

The local and intrinsic variations between the atlas
and the subject can be large, but humans can still
correlate corresponding structures based on simi-
larities in shapes, intensities, and locations. There-
fore, the intensity difference between
corresponding voxels in the atlas and the subject
can act as a deforming force, which shifts atlas
voxels spatially towards their counterparts in the
subject volume. To make the intensities compara-
ble, the second level intensity equalization evens
the mean and standard deviation of the overlapping
portion of the atlas and subject volumes.

Intuitively we may allow each atlas voxel to
deform freely. However, to avoid local minima, the
voxel’s initial position must be close to its desired
position. It is clear from Figure 5 that the intrinsic
variations between individuals make the global
alignment unable to provide a precise enough ini-
tialization. A more robust representation is a 3-D
control grid that is coarser than the voxel grid. The
vertices of the control grid are control points that

shift independently in 3-D. Their 3-D displace-
ments determine the displacements of the voxels
they enclose. Figure 6 is a 2-D illustration of the
second level deformable model in 3-D(3), (4). We
use control grids in multi-resolution to improve
efficiency and avoid local minima. Since the num-
ber of control points is orders of magnitude fewer
than the number of voxels, there are fewer parame-
ters to estimate, making the deformation process
more stable.

Figure 7 shows the effect of applying the smooth
deformation to the intermediate result in Figure 5.
The atlas is warped in 3-D to match the subject.
The outline of the corpus callosum in the deformed
atlas roughly align with its counterpart in the sub-
ject.

Figure 5. The atlas (left) and the subject,
before and after the global alignment.
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Figure 6. A 2-D illustration of the 3-D smooth
deformation. The control points in the atlas (left)
shift to match their counterparts in the subject.
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Figure 7. The atlas (left) and the subject,
after the smooth deformation.
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3.3. Fine-tuning deformation

Smooth deformation only allows the control points
to shift freely in 3-D, variations smaller than the
size of a control grid cell cannot be accounted for.
The last level deformable model fine-tunes the reg-
istration by permitting each atlas voxel to shift
independently in 3-D(6). The problem is under-
constrained because the number of deformation
parameters are the voxels’ 3-D displacements,
which is 3 times the number of voxels. 3-D Gauss-
ian smoothing is applied to regularize the deforma-
tion. The intensity difference between spatially
corresponding voxels again serves as the deform-
ing force. Since the smooth deformation roughly
registers individual structures in the atlas with
those in the subject, the distributions of a high
intensity (corpus callosum) and a low intensity
(skull) structure can jointly determine a linear
transformation that further equalizes the two vol-
umes’ intensity distributions.

Figure 8 shows the result of applying the fine-tun-
ing deformation to the result in Figure 7. The out-
line of the corpus callosum in the deformed atlas
match well with its counterpart in the subject.

Figure 9 is another example of the hierarchical
deformable registration. Outlines of the lateral ven-
tricles in the deformed atlas are applied to the sub-
ject volume to show the improvement of
segmentation accuracy.

4. Performance Evaluation

. The entire algorithm takes 18 minutes to custom-
ize the atlas segmentation for a 256x256x124 voxel
image on an SGI computer with four 194 MHz
R10K processors. Parameters can be tuned to fur-
ther improve the efficiency.

We processed 198 MRIs of normal brains, and 3
MRIs and 1 CT of brains with pathologies. The
number of voxels ranges from 0.8 to 16 million. To
evaluate the accuracy, we hand segmented the cor-
pus callosum in the mid-sagittal plane (a reference
plane used by doctors) of 42 subjects, and com-
pared them with the segmentations given by the
algorithm. We use the number of mislabelled vox-
els relative to the size of the corpus callosum in the
hand-segmentation to quantify the segmentation
accuracy. Mislabelled voxels include those labelled
as corpus callosum by the algorithm but not in the
hand-segmentation and vice versa. Figure 10
shows distributions of the percentage of misla-
belled voxels after each level of the hierarchical
deformation. After the global alignment only 14%
of the cases have less than 20% mislabelled voxels.
The smooth deformation improved this ratio to
43%, while 14% of the cases have less than 10%
mislabelled voxels. The final fine-tuning brought
the ratio of mislabelled voxels to below 20% for all

Figure 8. The atlas (left) and the subject,
after the fine-tuning deformation.
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Figure 9. Progressive results of the hierarchical
registration between the atlas (left) and a subject.
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cases, and to below 5% for 90% of the cases. This
is consistent with the qualitative observation in
Figure 9.

5. Anomaly detection through registration

Our hierarchical deformable registration algorithm
has proven effective at matching and segmenting
anatomical structures. It also has potential in
detecting and locating pathologies.

5.1. Brain Symmetry

As mentioned in section 1, human brain has
approximate symmetry across the mid-sagittal
plane. Certain pathologies causemass effect, which
forces nearby structures to shift from their normal
positions and destroys this symmetry. Doctors find
the lack of symmetry an indication of a pathologi-
cal condition. We detect asymmetry by matching a
subject’s mirror volume (with left and right
flipped) to the original volume. For a normal brain,
little deformation is needed to align its mirror vol-
ume to itself; for a brain with pathologies that
cause mass effect, the deformation will be signifi-
cant. The direction of the deformation suggests the
location of the anomaly. Figure 11 shows results on
three subjects of different conditions.

The first row shows an axial cross-section of each
subject’s volume. The second row is the cross-sec-
tion overlaid with the deformation flows for match-
ing the subject’s mirror volume to the original
volume. For the normal brain, the magnitude of the
deformation vectors is negligible because it is

approximately symmetric. For the brain with a
bleeding, the deformation flows have large magni-
tudes, and exhibit a uniform direction. This direc-
tion suggests the source of the mass effect. For the
brain with a tumor, the magnitudes of the deforma-
tion flows are large, and the directions has a swirl
pattern. This is because the tumor is so close to the
central line that its “counterpart” in the mirror vol-
ume partly matched with itself. This method is
effective in detecting anomalies that affect brain
symmetry.

5.2. Detect Abnormal Variations

Despite the large range of intrinsic variations
between individuals, there exists a distinction
between the normal range of natural shape variabil-
ity and pathology-afflicted changes. Figure 12
compares the skull label for a normal brain and a
brain with pathology. The skull of the normal brain
has uniform thickness, with variations within a
small range, whereas the thickness of the skull in
the pathological brain varies significantly. Since
this is beyond the normal variation of skull thick-
ness, it may be an indication of an anomaly.

6. Related Work

Van Den Elsen et al.(7) did a comprehensive sur-
vey of medical image registration via optimization
in transformation space. Bajcsy et al.(5) elastically
deform a 3D atlas to match brain images. The
method requires user interaction and is computa-
tionally expensive. Christensen et al.(1) used a
fluid dynamic deformable model. It takes 1.8 hours
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Figure 10. Distribution of the ratio of mislabelled
voxels after each stage of the deformation.
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Figure 11. Deformation flows of matching
the mirror volume to the original volume.



to match a 1.6 million voxel image on a 16384-pro-
cessor MasPar. Thirion(6) assumes the volumes are
already globally aligned, and uses optical flow for
deformation. Since optical flow relies heavily on
the constant brightness assumption, it is sensitive if
the intensity variations or deformations are large.
Viola et al. (8), Maes et al.(9) investigated registra-
tion based on mutual information. Currently it can
only determine affine transformations between
images of the same person. Cross-subject registra-
tion is being studied.

7. Conclusion and Discussion

We have introduced a hierarchical deformable reg-
istration algorithm that takes minutes to automati-
cally segment and classify features in brain MRI
volumes. By employing the symmetry characteris-
tic of normal brains, it can detect and locate anom-
alies that affect symmetry; by applying knowledge
of normal variations in anatomy, it may be able to
find pathologies that incur shape, size, or density
changes. This algorithm’s speed allows us to exam-
ine a significant number of subjects, so as to char-
acterize normal variations in the shape, size, and
location of anatomical structures. This character-
ization can then be used to improve the segmenta-
tion accuracy, by guiding the deformation process
and limiting the space of deformations that must be
searched; on the other hand, it can also aid anom-
aly detection, by detecting the abnormal deforma-
tions required to match an anomalous structure to
the normal atlas.
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