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ABSTRACT

In this paper, a method for deformable registration of male
pelvises in CT images is proposed. It is composed of three major
steps. Firstly, an attribute vector is defined for each voxel in the
image, and is used to reflect the density distribution of the bone
tissues in the neighborhood of that voxel. Different anatomical
structures thus own different attribute vectors. Secondly, the
match of two images under a particular deformation is evaluated
by integrating the similarities of attribute vectors on the
corresponding voxels. Finally, a set of hierarchical deformation
strategies are employed, in order to avoid the local minimum
match of two images. The performance of this deformable
registration method has been demonstrated by both synthesized
and real CT images of pelvises.

1. INTRODUCTION

Image registration is a process to find an optimal transformation
between a pair of images, i.e., the model image and the subject
image. It has recently become very active in medical image
research with clinical applications, such as diagnosis, longitudinal
studies and surgical planning. In our research of constructing a
deformable density atlas for bone anatomy [1], image registration
also plays a critical role. Only after correctly registering pelvis
images, can the corresponding structures across different subjects
be found, and thus statistics of bone densities can be collected. In
the application of atlas-based pre-surgical planning, the virtual
atlas should be robustly registered with the patient’s pelvis, in
order to apply statistical knowledge to an individual patient. In
this paper, we will propose a method for deformable registration
of pelvises in CT images.

Many registration methods have been proposed in the
literature. Some of them are rigid-body registration methods [2],
while others are non-rigid registration methods [3,4,8]. Some of
these methods use features such as points, curves or surfaces to
guide the matching of two images [4,5], while others use the
similarity of intensities to evaluate the matching of two images
[6,7]. In our method, an attribute vector is employed to evaluate
the similarity of two images after deformable registration. An
attribute vector is defined for each voxel in the images, and is
designed to capture both global and local statistical information
of bone tissue distribution in the neighborhood of that voxel.
Thus, the similarity of two voxels in the two images can be
directly defined as the similarity of their attribute vectors, which
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is clearly differs from the intensity similarity measurement used
extensively in most registration methods. For increasing the
robustness, accuracy, and efficiency of our deformable
registration method, the match of attribute vectors in the two
images is hierarchically performed.

This paper is organized as follows. Section 2 details our
deformable registration method. Section 3 demonstrates the
performance of our method by both synthesized and real CT
images of pelvises. Section 4 offers conclusions.

2. METHODS

There are two essential problems for image registration, (i) the
definition of the image similarity and (ii) the algorithm to find the
transformation that maximizes the image similarity, both of which
are also the trademarks of different registration methods. In our
method, the image similarity is defined as the similarity of
attribute vectors that reflect the statistical distribution of bone
tissue in the neighborhood. Also, hierarchical deformation
strategies are employed, in order to avoid the local minima in
image registration. Due to the page limits, we will focus on
similarity definition in this paper. For a description of hierarchical
deformation strategies, please refer to the HAMMER image
registration algorithm [8], since we used the similar deformation
strategies as HAMMER’s.

2.1. Attribute vectors and their similarity

The definition of the image similarity is a critical problem for
image registration. In recent years, a number of similarity
measurements have been proposed, such as mean square
difference of intensities (MSD) [9], entropy of the difference
image (EDI) [10], mutual information (MI) [11] and pattern
intensity (PI) [12]. Most of them are based on the image intensity
or its statistical distribution. However, for medical image
registration, it is important to identify the same anatomical
structures across different subjects, in order to improve the
accuracy of registration results. Therefore, the similarity
measurement should reflect the underlying anatomical similarity
rather than the intensity similarity. Shen et al. [8] have utilized a
concept of “attribute vector” for brain MRI image registration.
The attribute vector, which is attached to every voxel in the
image, includes not only the image intensity and edge
information, but also the geometric moment invariants (GMI),
which is calculated from the spherical neighborhood of each
voxel and used to capture the anatomical information around that
voxel. By using this definition of attribute vector, two different
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anatomical parts of brains that would otherwise appear to be
similar can be differentiated.

Built upon the above idea, we also define an attribute vector
for each voxel in order to evaluate the similarity between two CT
images of pelvises. However, by studying the characters of male
pelvises, our attribute vector is designed in a different way
compared to that of HAMMER [8]. First, our attribute vector is
not based on the multi-class tissue classification. In HAMMER,
the brain tissues are firstly classified as gray matter, white matter
and CSF. Then, most components of the attribute vector, such as
edge type and GMI, are produced based on the tissue
classification result. Though the pelvis also contains three
different tissues, compact bone, spongy bone and marrow, the
intensities of these three tissues are not quite differentiated in the
CT image and thus easier to misclassify. Moreover, the structure
of the pelvis can be simply defined as a dark internal region with
an external bright ribbon of similar width. In this way, we can
simply classify voxels into two classes, bone or background; and
the attribute vector can be computed only for the voxels labeled
as bone tissues. Second, as the anatomical structure of pelvis is
relatively simpler than that of the brain, our attribute vector
doesn’t include high-order GMIs, which are usually used to
represent the complicate geometric features of the object.
Actually, our attribute vector captures statistical parameters
about the 3-D distribution of the bone tissues around each voxel,
the details of which will be described next.

Assume x is a voxel of the image [, its attribute vector
A(x, 1) is composed of four sub-vectors, i.e.

A, D) =[A (x,1) Ay (x,]) A, (x,1) A, (x,D)]. (1)

A] (x,I) is a 1x1 vector. It represents the ratio of the bone

tissues in x’s neighborhood, which can be presented as

Ax,D)= Y LW/ Y1 2

veN(x) veN(x)

Here, N(x) denotes a spherical neighborhood around the voxel x,
whose radius is R. L(v) is a membership function that evaluates
the degree of voxel v belonging to the bone. In our case, a hard
tissue classification method is used, therefore L(v) can be either
1 or 0, corresponding to bone or background, respectively. In
future applications, L(v) could also be extended to a fuzzy
membership function, whose output can be any real value
between 0 and 1.

A,(x,I) is a 1x3 vector. It is the mass center of the bone
tissues in x’s neighborhood, and is calculated as follows:

A(x.H=( Y LWev/ YLW-0/R.  (3)

veN(x) veN (x)
R is the radius of the spherical neighborhood around the voxel x,
and it is used as a normalization factor to guarantee the
magnitude of A,(x,I) being no larger than 1.

Ay(x,I) and A,(x,I) are 1x3 and 1x1 vectors, respectively.
They jointly reflect another important character of bone tissue’s
distribution, i.e., the largest variation direction of the distribution
and its corresponding variation (c.f. Fig. 1). Mathematically, the
voxels that locate in x’s neighborhood and belong to the bone can
be presented as a set of 3D vectors,
. lv.e N()AL®y,)>t,i=1---M}, where t is a threshold for
judging if a voxel belongs to the bone. Assume D is the
covariance matrix of the vector set. 23(x, I) and A4(x,1 ) are
defined as

A(x,1)=E(D) and A,(x,1)=1/e(D)/2R. 4
Here, E(.) denotes the eigenvector corresponding to the largest
eigenvalue e(.).

The four sub-vectors of A(x,I) jointly describes the
distribution characters of bone density around each voxel. In
Fig.1, we schematically demonstrate their geometric meanings.
The gray and white regions represent the bone region and the
background, respectively. The cross indicates the position of the
voxel x under consideration. Solid circle denotes a spherical
neighborhood of x. A (x) is the ratio of the gray region inside the
x’s spherical neiborhood. The solid point is the mass center of the
gray region inside the x’s spherical neigborhood, A,(x). A,(x) is
represented by the dashed arrow. It denotes the largest variation
direction of the bone tissue distribution. The length of the dash
arrow measures the value of the largest variation, which is &(x) .

background

Fig.1 Schematic explanation on the geometric meanings of the
attribute vector.

With the definition of attribute vector for each voxel in the
images, the similarity of two voxels can be defined as the
similarity of their attribute vectors. As the attribute vector is
made up of sub-vectors that are almost independent with each
other, the total similarity may be defined by simply summing up
the respective similarities of sub-vectors. However, since the first
sub-vector, i.e., the ratio of the bone tissues in the neighborhood
of each voxel Al (x,I) , is the most distinctive feature in the

attribute vector, we instead select a non-linear similarity criterion,
which is dominated by the similarity of the first sub-vectors in the
two attribute vectors. Mathematically, the similarity between a
voxel x in the model image /;; and a voxel y in the subject image
I is defined as:

3
S(A(x,1,,),A(y, 1)) = gw
0, otherwise 5)
where

S, (A(x, 1), Ay, 1)) =1

A d,) - A1)
Sy (AGe, 1), Ay, 1)) =1=[A, (x,1,) = A, (3, 1)/ 2

S (A1), Ay, I ) = e BChOBOI (A (x ] Yo A (y, 1) +1)/2]

and w,,w,,w, are parameters for adjusting the proportion of

different parts in the total similarity function.

The ability of the attribute vectors in differentiating different
parts of anatomical structures has been demonstrated in Fig. 2.
We selected a voxel that is pointed by the yellow arrow as a
reference point, and then calculated the similarities between the
attribute vector of this reference point and the attribute vectors of
all other voxels in the image. It can be observed from the color-
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coded similarity map that only the voxels near the reference point
have high similarities. That means, our attribute vector captures
sufficient information to differentiate different anatomical
structures of CT pelvis.

Fig.2 Demonstration of the ability of the attribute vector in
differentiating the anatomical structures.

2.2. Energy function

Having defined the similarity between the attribute vectors of two
voxels, we are ready to propose an energy function for evaluating
the similarity between the transformed model and the subject
images. Assuming V,, and V; are the volumetric spaces of the

model [,, and the subject [ , respectively. x is a voxel in V,, .
The transformation from the model to the subject is represented
as T(x)=x+d(x), where d(x) is a displacement field; and the
inverse transformation is T7'(x). The energy function is defined
as following:

E=_3"[w,(x) Y.SA@z1)).AT(2),15))]

xeVy €N (x)
- 2wy () ESAT @1 A I+ YVAW| (g
yeVs zEN(y) xeVy,

The energy function has three characters that facilitate the
robust computation of the optimal transformation.

First, the image similarity is not evaluated on individual
voxels but on subvolumes, i.e., the spherical neighborhood of
each voxel, N(.). In this way, the influence of individual voxel
mismatching can be avoided.

Second, large weighting factors w, (x) are assigned to the
voxels with the distinctive attribute vectors, since these voxels
usually have fewer similar counterparts and thus are more reliable
in finding their correspondences. In our case, as the attribute
vector is more distinctive on the voxel that has larger boundary
curvature, the weighting factor is designed to be proportional to
the boundary curvature. (The method of calculating boundary
curvature directly from grey image can be found in [14].)
Weighting the energy term in this way allows the procedure to
avoid the local minima in image registration.

Third, the energy function guarantees the consistency of
transformations by jointly evaluating 7'(x) and its inverse partner

T7'(x). In Eq. 6, the first item of the energy function can be
regarded as a force that pushes the voxel in the model space to
the subject, while the second item can be regarded as a force that
pulls the voxels in the model space from the subject. Such a
design corresponds to the basic assumption for medical image
registration, i.e., a diffeomorphic mapping [8] existing between
the model and the subject images, and will lead to more
consistent and biologically meaningful registration results.

The energy function is minimized by a set of hierarchical
deformation strategies, as described in [8]. The resulting

transformation, Tnpr (x)» describes the deformable transformation

from the model to the subject.
3. RESULTS

To evaluate the performance of our method, we apply it on both
synthesized and real CT images of male pelvises.

Synthesized images were created in the following way. First,
we used the HAMMER algorithm [8] to elastically warp several
real subjects to the space of the model. Then, we applied PCA on
the obtained deformation fields, and collected the synthesized
deformation fields by randomly sampling the subspace that was
spanned by the principle components. Finally, the synthesized
images were produced by warping the model image according to
the synthesized deformation fields.

The performance of our registration method was
demonstrated by comparing the differences of the algorithm-
estimated deformation fields and the synthesized deformation
field in two regions, i.e., the whole bone region and the pelvis
boundary region. In the whole bone region, the average error and
the max error are 1.28 mm and 4.32 mm, respectively, while in
the boundary region, the average and the max errors are 0.67 and
1.29 mm, respectively. Shown as Fig.3, errors are relatively
larger in the inner part of pelvis. This is because the voxels in
those regions are very similar in both intensities and tissue
distributions, which makes definition of proper point
correspondence difficult. To further measure the registration
errors, we evaluated boundary distance, overlap volume error and
volume error between the model pelvis and registered synthesized
pelvis. They are 0.5mm, 2.55% and 1.20%, respectively.

IS.O mm

Fig.3 Color-coded errors between the synthesized deformation
fields and the estimated deformation fields. The red denotes large
error, while the blue denotes the small error. The range of errors
is from 0 to 5.0 mm.

0 mm

The performance of our method was also evaluated by five
real male pelvises. The boundary distance, overlap volume error
and volume error between the model pelvis and registered real
pelvis are 0.64mm, 4.40% and 1.58%, respectively.

To visually check the accuracy of our registration method,
we compared the average images generated by our method with
the average image generated by affine registration method, on
both synthesized and real images. As indicated in Fig. 4, our
average images are sharper and clearer, which partially indicates
the accuracy of our method in image registration.

The speed of our algorithm has been tested on a S00MHz
processor of SGI workstation. The average running time for
registering two images with the size of 256x256x150 is about 42
minutes.
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4. CONCLUSION

In this paper, a method for pelvis registration has been proposed.
After studying the characters of the pelvis CT images, a novel
attribute vector was defined for each voxel, to reflect the density
distribution of bone tissues around that voxel. By evaluating the
similarity of attribute vectors in a non-linear way, different
anatomical structures that look similar can be differentiated.
Thus, the accurate registration of pelvis images was achieved by
hierarchically establishing the correspondences between the image
pairs during the procedure of deformable registration.

Fig.4 Visual comparison of affine registration method and our
registration method in averaging the aligned pelvis CT images.
3D rendering images are displayed. (a) Model pelvis, (b) the
average of 10 synthesized pelvises aligned by affine registration
method, (c) the average of 10 synthesized pelvises aligned by our
registration method, (d) the average of 5 real pelvises aligned by
affine registration method, (e) the average of 5 real pelvises
aligned by our registration method.
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