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Abstract. Brain atlases contain a wealth of information that could be used for
radiation therapy or neurosurgical planning. So far, however, when large space
occupying tumors and lesions drastically alter the shape of brain structures and
substructures, atlas-based methods have been of limited use. In this work we
present a new technique that permits warping a brain atlas onto image volumes
in which large lesions are present. This technique involves several steps: a
global registration to bring the two volumes into approximate correspondence, a
local registration to warp the atlas onto the patient volume, the seeding of the
warped atlas with a synthetic tumor, and the deformation of the seeded atlas.
Global registration is performed using a mutual information criterion. The
method we have used for atlas warping is derived from optical flow principles.
Preliminary results obtained on real patient images are being presented. These
results indicate that the method we propose can be used to automatically
segment structures of interest in brains with gross deformation. Potential areas
of application for this method include automatic labeling of critical structures
for radiation therapy and presurgical planning.
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1 Introduction

In recent years, atlas-based methods have been proposed to segment automatically
structures and substructures in medical images. These methods rely on the existence
of a reference image volume (the atlas) in which structures of interest have been
carefully segmented, possibly by hand. To segment a new image volume, a
transformation that registers the atlas to this volume is first computed. This
transformation is then used to project labeled structures from the atlas onto the image
volume to be segmented. Medical image registration is a topic that has been studied
by many researchers in the field over the years (see for instance Maintz [1] for a
recent review article). But, the vast majority of these methods were developed to
register multi-modal information (e.g. PET, CT, and MR) pertaining to a single
subject. For this type of application, global transformation matrices involving
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rotation, translation, scaling, and possibly skew are sufficient. But, this type of
transformation is unable to take into account non-linear differences between brain
morphology and is thus inadequate for accurate atlas-based segmentation and
labeling. A number of methods have been proposed that permit the computation of
transformations with more degrees of freedom capable of warping one brain onto the
other. Collins [2] has used a multi-resolution approach in which the overall non-linear
transformation is composed of a set of local linear deformations obtained by
maximizing the correlation of intensity and gradient features in the images to be
registered. Bajcsy [3], [4] used an elastic model approach. Algorithms based on
viscous fluid models were put forth by Christensen [5] and Bro-Nielsen [6].
Meyer°[7] has proposed a technique based on thin-plate splines in which an optimizer
is used to adjust the position of homologous control points in homologous data sets.
Rueckert [8] uses a similar approach but with B-splines. Woods [9] relies on
polynomials up to order five. Thirion [10] proposed a method called “demons” that is
similar to an optical flow approach for small displacements and that trades the rigor of
physical modeling for simplicity of implementation and speed of execution. These
techniques have great potential for the creation of statistical atlases or for the
comparison of morphological characteristics between populations. But, these methods
have been limited to cases without gross anatomical abnormalities. Atlas-based
methods have therefore not yet been used for applications such as radiation therapy or
presurgical planning when tumors dramatically alter the morphology of the brain. In a
recent paper [11], a method based on a biomechanical model of the brain has been
proposed for atlas deformation in the presence of gross abnormalities. The proposed
method consists of several steps. First, the tumor is shrunk to a small mass, resulting
in an estimate of the brain before tumor growth. Tumor shrinking is modeled as a
uniform contraction and brain deformation resulting from this contraction is
computed using finite element methods. This results in a “normal” brain that can be
registered to an atlas. After registration, the tumor is grown back to its original shape
using the inverse of the procedure used for shrinking the tumor. We have the same
goal as Kyriacou and Davatzikos, i.e., we want to be able to use the wealth of
information provided by atlases for applications such as radiation therapy or surgical
planning even when large tumors drastically alter brain morphology, but our approach
is different. In particular, we do not rely on a biomechanical model of the brain and
we do not need to shrink the tumor to be able to register the normal atlas with the
pathological brain. In the remainder of this paper we describe our method, present
results we have obtained on real patient data, and discuss ways by which our current
method can be improved.

2 Methods

2.1 Data Sets

Results presented in this study were obtained on two data sets acquired with a General
Electric 1.5 Tesla Signa MR scanner using a spoiled gradient echo pulse sequence.
Each volume consists of 128 sagittal slices, and each slice has dimensions
of°256°x°256 pixels. Voxel dimensions are .94 x .94 x 1.3 mm3. Both the volumes
have been obtained after injection of Gadolinium.
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2.2 Atlas Deformation

Our method involves the following steps. First, a similarity transformation (three
rotation angles, three translation vectors, and three scaling factors) is computed to
globally register the atlas and the patient volumes. The global transformation is
computed using the MIRIT package developed at the Catholic University of Leuven
°[12]. Mutual information is used as the similarity criterion. Next, a highly non-linear
transformation that brings the atlas and the patient volume in local correspondence is
computed. The warped atlas is then “seeded” with a small structure centered
approximately on the centroid of the tumor. Finally, the non-linear deformation
algorithm is applied to the seeded warped atlas. In this step, the seeded tumor is
grown until it reaches the size of the actual tumor and surrounding tissues in the atlas
are displaced and deformed.

Local transformation: Thirion has presented the problem of image matching in
terms of “demons” (by analogy with Maxwell’s demons). This is a general framework
in which object boundaries in one image are viewed as semi-permeable membranes.
The other image, considered as a deformable grid, diffuses through these interfaces
driven by the action of effectors (the demons) situated within the membranes. Various
kinds of demons can be designed to apply this paradigm to specific applications. In
the particular case of deformations based on voxel-by-voxel intensity similarity, the
demons paradigm is similar to optical flow methods. It is an independent
implementation of this approach [13] in which the displacememt vector for each
voxel is computed as follows that has been used in this study.
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With I1 and I2 the intensity values of he images to be matched. In this approach,
global smoothness of the displacement field is not enforced. Rather than using a
global regularization method, a more local constraint imposing similar displacements
for nearby pixels can be imposed by smoothing this field with, for instance, a
Gaussian filter. The standard deviation of the Gaussian filter can also be used to
change the characteristics of the matching transformation. The larger the standard
deviation of the filter, the less elastic the transformation.

It should also be mentioned that large morphological differences between image
volumes could render optical flow methods completely ineffective because the
assumption of small displacement is violated. Two mechanisms have been used to
make the algorithm more robust to large differences. First, the algorithm is applied in
a hierarchical way. Second, a mechanism has been implemented that maintains
compatibility between the forward and the reverse deformation fields. As proposed
in°[10], [15] this is done by computing the deformation field T12 (the deformation
field warping image 1 onto image 2) and the deformation field T21 (the deformation
field warping image 2 onto image 1) and distributing the residual R=T12 ° T21 onto
these two fields. This construct, coupled with the smoothing of the field prevents its
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tearing as well as crossing over of neighborhood pixels. It also provides a way to
obtain the inverse transformation.

Atlas seeding. As the results will show, after the first two steps (i.e, similarity
transformation and atlas deformation), the atlas and the brain to segment are in
correspondence except in regions that have been drastically deformed by the tumor.
The tumor is then outlined manually in the patient volume and the inside of this
contour is assigned an intensity value different from the surrounding tissues. The seed
is created by eroding the tumor mask of the patient, and is placed into the atlas
volume.

Seeded atlas deformation. Once the atlas volume has been seeded, the deformation
algorithm described earlier is applied a second time. This time, the algorithm attempts
to warp the seeded atlas onto the patient image. Because the atlas has been seeded
with a small region with the same intensity value as the delineated tumor, the
algorithm grows the tumor seed until it reaches the size of the tumor in the patient
volume. Because the deformation field is regularized with a Gaussian filter, the
displacement field generated by the growth of the tumor also displaces surrounding
tissues. As discussed earlier, the size and the standard deviation of the Gaussian filter
used to regularize the displacement field determine the characteristics of the warping
transformation. A small standard deviation only imposes very local constraints, thus
resulting in transformations that are more elastic than those obtained with larger
standard deviations. Here we have used two values for the standards deviation of the
Gaussian filter. One for the 3D warping of the original atlas to the patient volume
(step two in our approach) and one for the 3D deformation of the seeded atlas. To
warp the original atlas to the patient volume we have selected a relatively high sigma
value (2.0). This value was obtained experimentally and it was found to be a good
compromise between deforming the atlas and preserving its structural integrity. For
larger values, the algorithm is unable to deform the atlas enough to register it
accurately with the patient volume. Smaller values can lead to transformations that are
completely inaccurate over areas affected by the tumor. Indeed, prior to seeding, the
normal volume does not have any structure that corresponds to and could be warped
onto the tumor. The algorithm could thus warp arbitrary structures in the atlas volume
in an attempt to minimize intensity differences between the atlas and the patient
volume. After seeding, the atlas and the patient volume have corresponding
structures. The standard deviation of the smoothing filter can thus be reduced, which
permits larger local deformation required to grow the tumor and displace surrounding
tissues. For the data set used in this study a sigma of 0.5 was used for the 3D
deformation of the seeded atlas. Again, this value was obtained experimentally.

3 Results

Figure 1 illustrates the results obtained after the first two steps. In each of these
panels, the images on the right show one slice in a patient volume. The images on the
left show the slice with the same index in the volume obtained after registering the
atlas to the patient using a similarity transformation. The middle panels show the slice
with the same index in the volume obtained by warping the volume on the left onto
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the volume on the right. The three top panels show one slice in the brain hemisphere
without tumor; the three bottom panels show one slice in the hemisphere with a large
space-occupying tumor.

Fig. 1. Warping of the atlas to a patient volume. Right panels, patient volume. Left panels,
global registration of the atlas to the patient volume. Middle panels, warping of the left volume
onto the right volume. Top panels, hemisphere without tumor. Bottom panels, hemisphere with
a large space-occupying tumor

Several important observations can be made from this figure. First of all, a nine
degrees of freedom transformation is not sufficient to register the atlas to the patient
volume. Contours have been drawn on the patient image (right panels) and echoed on
the others. Note the registration inaccuracy around the ventricles, the cerebellum, and
the eyes on the left panels. If a nine degrees of freedom transformation was sufficient,
the contours drawn would also encircle precisely the regions of interest on the left
panel images. Second, after warping (middle panels), structures that are far away from
the tumor have been registered accurately, at least visually. A complete validation of
this approach with quantitative validation on a number of structures of interest such as
the optic nerve, optic chiasm, mamillary bodies, etc. has not yet been performed.
Equally important is the fact that the integrity of the structures in the atlas has not
been compromised by the presence of the tumor in the patient volume. Figure 1
clearly shows that over the tumor region the atlas has simply not been deformed to
make it similar to the volume with a tumor. This is a highly desirable behavior.
Indeed, when a tumor is present in the patient volume, there is no similar structure in
the atlas to which it could be matched. The algorithm could thus attempt to deform an
arbitrary structure and match it to the tumor, thus resulting in a completely erroneous
warping of the atlas.
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Fig. 2. Atlas seeding and deformation processes. Right, patient volume with manually
delineated tumor. Left, warped atlas (same volume as left panel in figure 2) with tumor seed.
Middle, seeded atlas after deformation. The top and bottom panels show different slice indexes.

Figure 2 illustrates the results obtained by seeding the atlas and warping the seeded
atlas. The top and bottom panels of this figure show results on two different slices.
The left panels in this figure are transverse slices in the volume obtained after
deformation of the unseeded atlas. The right panels are transverse slices with the same
index in the patient volume. The contour of the tumor has been delineated in the
patient volume and the tumor has been assigned an arbitrary high value. The tumor
region identified in the patient volume has been eroded to create the seed that has
been placed in the warped atlas. The middle panels show the slices with the same
indices in the volume obtained after warping the seeded atlas. Again, contours have
been drawn on the patient volume (right panels) and copied on the other images. Prior
to seed growing, the ventricles in the atlas kept their original shape. After seed
growing, the ventricles and surrounding tissues such as the caudate have been
displaced by the tumor. There is a good visual agreement between these contours and
the actual structure boundary.

4 Discussion

This work is one of the first attempts at atlas deformation when the target volume
contains large space-occupying lesions that drastically deform and displace normal
anatomy. As opposed to our method, the approach proposed previously by Kyriacou
and Davatzikos relies on biomechanical models. Their technique is based on a certain
number of assumptions. First, white matter, gray matter, and cerebrospinal fluid
regions should be known because the material constant in their model is different for
each of these classes. Automatic segmentation of pathological image volumes may be
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challenging because the tumor and its edema may have intensity values similar to
other tissue classes. More importantly, the tumor contraction algorithm used in their
approach assumes the size of structures such as the ventricles prior to tumor growth to
be known. Methods based on a-priori statistical information about ventricular shape
and size have been proposed to address this problem but their effectiveness and
accuracy has not yet been studied.

The method we propose does not require segmentation (except for the contours of the
tumor in the patient volumes) and is not based on any explicit underlying
mathematical model. This is both its strength and its potential weakness. It is its
strength because the method is computationally simple and fast. The consistency of
the deformation field is controlled by the smoothing filter and we have shown that by
choosing values appropriately we can modify the behavior of the algorithm to obtain
transformations that lead to accurate deformations both over normal and abnormal
regions. The implicit assumption on which our approach is based is the local
coherence of the deformation field, i.e., neighbor pixels are constrained to move in a
similar way. The size of the smoothing filter defines the size of the neighborhood.
The lack of an explicit underlying mathematical model is also the potential weakness
of this approach. If the smoothing filter is not chosen correctly, the resulting
transformation can be catastrophically wrong. It should also be noted, however, that,
in our experience, both with normal volunteers [16] and with chronic alcoholics
suffering from severe atrophy [17], the algorithm is robust with respect to the choice
of the smoothing parameter.

Future work will involve improving the deformation algorithm by modeling structures
of interest in the atlas volume. This will permit the automatic adaptation of the
smoothing parameters according to the physical properties of these structures as well
as guaranteeing the physical plausibility of the deformation field. Structures such as
the optic nerve, optic chiasm, mamillary bodies, spinal cord, putamen, globus
pallidus, etc. can indeed be labeled in the atlas and represented as 3D objects. The
consistency of the deformation field could thus be imposed over these objects rather
than on arbitrary neighborhoods, thus guaranteeing structural integrity in the
deformed images.
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