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ABSTRACT

This paper presents a new image segmentation algorithm using surface-to-image registration. The algorithm
employs multi-level transformations and multi-resolution image representations to progressively register atlas
surfaces (modeling anatomical structures) to subject images based on weighted external forces in which weights
and forces are determined by gradients and local intensity profiles obtained from images. The algorithm is
designed to prevent atlas surfaces converging to unintended strong edges or leaking out of structures of interest
through weak edges where the image contrast is low. Segmentation of bone structures on MR images of rat knees
analyzed in this manner performs comparably to technical experts using a semi-automatic tool.
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1. INTRODUCTION

Magnetic resonance imaging (MRI) provides a noninvasive way to assess osteoarthritis (OA) progression in both
human and animals. OA has been shown to be associated with cartilage degradation and thinning.! To quantify
cartilage losses due to degradation and thinning, it is essential to be able to accurately segment the cartilage.
Several groups have proposed two-step methods to segment articular cartilage. First, the easily identified bone
structures such as tibia and femur are segmented. Second, the segmented tibia and femur are used to guide the
segmentation of cartilage.>? In a longitudinal study, bone structures can also be used to register baseline and
follow-up cartilages such that regional analysis of changes can be carried out. However, bone segmentation is a
challenging problem by itself. This is even more so when small animals are used in pre-clinical imaging studies
where both signal-to-noise ratios and contrast are mediocre.

Image segmentation is a process of grouping and labeling voxels that belong to the same anatomical structures.
This can be achieved by detecting boundaries of the structure or by classifying every voxel based on its intensity
properties (refer to the overviews of Ducan et al* and Pham et al.® for current methods in medical image
segmentation). Among all image segmentation methods, active contour® 7 and level set® have received more and
more attention and have been applied to segment MRI bone structures.” These methods work by iteratively
fitting a deformable model that is constrained in shape to a structure. To avoid erroneous convergence, shape
priors are employed to guide the surface evolution. For example, Stib and Duncan incorporated global shape
information in their deformable models.'® Cootes et al. and Leventon et al. used a statistical shape model
derived from training data to constrain the solution.'’'?  Yang and Duncan employed joint prior knowledge
of structure shapes and image intensity to aid the segmentation.'®> Cootes et al. and Kelemen et al. derived
statistical models of both shape and appearance (intensity around the boundary) from training data to regulate
the shape deformation.'4 15 Excellent reviews for deformable models used in medical image analysis have been
presented by Mclnerney et al.'® and Xu et al..'”

Segmentation can also be achieved by registering a subject image to a reference image. To segment individual
subject images, an atlas is produced by delineating and labeling anatomical regions of interest (ROIs) on the
reference image. This atlas-based segmentation approach has been implemented to use intensity information to
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compute a deformable transformation between the reference and subject images.'® 2! The deformable trans-

formation can subsequently be used to map any ROI defined on the atlas to the subject image. This approach
can not only segment ROIs on each subject image, but also provide a mapping between reference and subject
images. This mapping can enable quantitative regional analysis across different subjects or in the same subject
at different times. However, atlas-based segmentation using intensity information does not work well for MR
images of rat knee because the intensity within the bone is not uniform.

In this paper, we describe a new approach to atlas-based segmentation. Instead of using intensity-based reg-
istration, we register the surface extracted from the atlas to subject images. i.e., a transformation is computed
to match atlas surfaces to edges on subject images. To allow for deformable transformation, we use a deformable
model to characterize the surface. To support robust computation, we use multi-level transformations (rigid,
affine, and multi-level B-splines) to progressively fit the deformable surface to each subject image .22 2% In addi-
tion, we use intensity patterns around boundaries of ROI to guide the fitting process. To speed up computation,
we employ the multi-resolution scheme.?> Experiments and validation studies using MRI images of rat knee
demonstrate promising results.

This paper is organized as follows. Section 2 outlines our method for registering atlas surface to subject image.
Experimental results and validation studies are presented in section 3 and section 4, respectively. Conclusion is
given in section 5.

2. ALGORITHM

Supposed an atlas is created by delineating and labeling the anatomical structures on a reference image. Let S be
a surface mesh extracted from an anatomical ROI on the atlas. I is an image to be segmented (For convenience,
we call the reference image as atlas image. The image to be segmented as subject image). Our objective is to
find a deformable transformation T to fit S to the corresponding anatomical region shown on I.

There are numerous methods to compute a deformable transformation T. A popular approach is to define
a metric such as an energy measure and use optimization methods to find T by minimizing the energy. For
instance, energy can be defined as

E(T) =~ ) |VI(T(vi)), (1)

ViES
where VI(x) is the gradient of image I at point x.

To optimize this kind of energy, an iterative procedure can be used to compute the transformation T so that
T(S) best fit to high gradient points on image I:

1. For each point v; on atlas surface S, search for the point p; along normal vector of v; where p; has the
greatest magnitude of gradient.

2. Compute the parameters of transformation T such that Y, || T(v;) — p;||? is minimized.

3. Update all points on surface S by setting v; = T(v;).

There are two problems with this approach. First, only magnitudes of gradient are used in this system.
Omitting other image features may make the fitting process unstable and could potentially cause S to converge
to a wrong solution. Another problem is the selection of the transformation. Without any constraint on trans-
formation T, the fitting will be ill-posed because an infinite number of solutions can be found. Similar to image
registration and surface matching, it is desirable to best fit S to I with the least deformation in T.26

1'14 l.15

To address the first problem, intensity profile proposed by Cootes et a and Kelemen et a are incor-
porated in our approach. Instead of finding the point with greatest magnitude of gradient, the best matched
point, where the intensity profile is most similar to the intensity profile of atlas point, is identified to compute
the transformation. Intensity profile of a point v; on atlas surface S (which is called atlas profile) is defined
as intensities of a discrete set of sampling points on the atlas image along normal direction n; centered at v;.
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To search for the best matching point on the subject image, sampling points of atlas profile are shifted along
n; and their intensities on the subject image is retrieved as subject profile and compared to atlas profile. The
point with most similar profiles are selected as the best matching point. In our approach, similarity between
two profiles are defined as a combination of correlation coefficient of two profiles and the angle between normal
vector n; and gradient vector g of found point q on subject image. In our application of bone segmentation on
MRI T1-weighted images, the intensities of bone structure are always lower than the soft tissues surrounding
the structure. If q is the corresponding point of v;, the direction of gradient vector g should be similar to the
normal vector n;. In this application, similarity between atlas surface point v; and a sought point q is defined
as

(2)

where 6 is the angle between normal vector n; and gradient vector g. C(v;,q) is the correlation coefficient of
atlas intensity profile at v; and subject intensity profile at q.

s — { cos(0)C(v;,q) if cos() > 0.

0 otherwise.

To address the second problem, multi-level transformations are employed to reduce the effect of over defor-
mation and the possibility of erroneous convergence. Multi-level transformations have been widely used in image
registration and surface-to-surface matching?? 232728 for the exact same purpose. In our approach, a rigid
transformation is first computed to fit S to I. The result is used to initialize an affine transformation. Finally,
a deformable transformation, in which the number of degrees of freedom is gradually increased, is computed to
refine the result. Our algorithm is outlined as follows:

1. T is a transformation with unknown parameters. v; is ith point on S.

2. In each iteration, search along normal vector of v; in a predefined region in I with step size of half pixel. Let
P: = q and w; = s where q is the point with the greatest similarity s to point v; among all sought points.

3. Compute the parameters of transformation T such that Y, w;||T(v;) — p;||? is minimized.
4. Update all points on surface S by setting v; = T(v;).

5. Repeat steps 2 through 5 if T is not closed to an identity transformation.

=2}

. Stop if >, w;||T(v;) — pi||* < € while € is a predefined threshold. Otherwise, increase the degree of freedom
in transformation T, reduce the searching range, and repeat steps 2 through 6.

In step 3, T is computed in the following order: rigid transformation, affine transformation, and de-
formable transformation. For rigid transformation, parameters are computed using Singular Value Decomposi-
tion (SVD).2? For affine transformation, the least squares solutions are computed. To compute the deformable
transformation, multi-level B-splines, in which the number of B-spline control points is increased gradually, are
used to progressively refine the result. An efficient B-spline approximation algorithm proposed by Lee et al.?° is
employed to compute these control points.

In this system, the force generated at each point of atlas surface has weighted contribution to the computation
of the transformation. If a point at atlas surface is not sure whether the found matching point is the ideal target,
it should make less contribution to the computation of transformation than the points with more confidence.
For those points with weight zero, they will make no contribution to the computation of transformation and just
move along with other points.

To reduce the possibility for surface points to leak out of the anatomical region of interest through a weak
edge (where the image gradient is small and edge contrast is poor), searching ranges of edges points in step 2
are limited to small regions adjacent to the atlas surface as the number of B-spline control points is gradually
increased. This scheme also prevents surface points adjacent to low contrast regions from being attracted by
edges of neighboring structures.

To speed up computation and convergence, a multi-resolution scheme, which is widely used in intensity-
based image registration,?® is employed in our surface-to-image registration. In our implementation, an im-
age pyramid is created using a procedure provided in ITK (Insight Segmentation and Registration Toolkit,
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Figure 1. Example of tibia segmentation. Original overlap of tibia contour of atlas on subject image (left), Overlap
after rigid transformation which moves the contour closer to the tibia structure of subject(middle), and final result after
B-Spline deformation (right).

"

&

Figure 2. Segmentation on the weak edge. Image with a weak edge (left), bleeding problem (middle), and segmentation
result using proposed method (right).

http://www.itk.org) which performs the smoothing followed by down sampling to generate lower resolution
images.

Since a smooth transformation is used to map atlas surfaces to subject structures, some small regions around
the structures which are not smooth may be misclassified. To address this problem, a relaxation is performed to
correct such misclassification. We employ a Gibbs random field to reclassify and relabel each voxel.3!

3. EXPERIMENTS

Thirty-six T1-weighted MR images of rat knees were used to evaluate the proposed algorithm (size: 128 x 152 x 36,
resolution: 0.063 x 0.035 x 0.25 mm). All image sets were processed using both our implemented algorithm and
a classification-based semi-automatic tool. Visual inspection determined that only 3 of 36 (8%) images using our
implemented algorithm required minor manual corrections as opposed to 36 of 36 using the semi-automatic tool.
Figure 1 demonstrates that the method can successfully register an atlas surface to the targeted tibia despite
the fact that the atlas surface crosses strong edges of neighboring structures in the initial position (picture on
the left), which usually imposes difficulties for such convergence. The middle picture shows the result after rigid
transformation; the atlas surface has moved closer to the tibia structure. The right picture shows final result
after the B-Spline deformable transformation. The average runtime for these experiments was 5 minutes on a
2.8GHz Pentium PC (Windows 2000, 2GB RAM).

The proposed algorithm also works in regions having weak edges. Weak edges usually causes bleeding prob-
lems where the deformable surface may leak into adjacent structures (see figure 2). To minimize the impact of
weak edges, our algorithm assigns small weights to surface points adjacent to low contrast areas. This scheme
prevents the atlas surface from leaking out of structures of interest through weak edges.

4. VALIDATION

To validate our algorithm, 3 data sets from different rats were segmented using a semi-automated system de-
veloped by VirtualScopics.?! For each data set, an unsupervised statistical segmentation followed by manual
editing was performed by four trained experts. The results generated by the proposed algorithm were compared
with those generated by experts using the semi-automated approach. Since there was no ground truth available
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Table 1. Segmentation performance of proposed algorithm and experts

Data Algorithm Expert 1 Ezxpert 2 Ezxpert 3 Expert 4
p q p q p q p q p q
data 1 1.000 | 0.974 | 1.000 | 1.000 | 0.998 | 1.000 | 0.999 | 0.996 | 0.992 | 1.000
data 2 1.000 | 0.980 | 1.000 | 0.998 | 0.981 | 1.000 | 1.000 | 0.998 | 0.981 | 1.000
data 3 0.998 | 0.982 | 1.000 | 0.996 | 0.979 | 1.000 | 1.000 | 0.996 | 0.980 | 1.000
Average || 1.000 | 0.979 | 1.000 | 0.998 | 0.986 | 1.000 | 1.000 | 0.997 | 0.984 | 1.000

in this validation study, the method proposed by Warfield et al.3? was used to evaluate the performances of
both approaches. This method employs the Expectation-Maximization algorithm to compute an estimate of
the “ground truth” as well as the sensitivity and specificity of each reader in delineating and labeling the tibia
structure. Here we treat our algorithm as an independent reader. The sensitivity p (relative frequency of D; =1
when T; = 1, where D; is the segmentation on voxel 4, and T; is ground truth of voxel 7) and specificity ¢ (relative
frequency of D; = 0 when T; = 0) of proposed algorithm and four experts are presented in table 1. The proposed
algorithm compares favorably to experts using the semi-automated approach in sensitivity, while it performs
slightly behind the experts in specificity.

5. CONCLUSION

An automated approach to registration and segmentation of the rat tibia on MR images has been developed.
Experimental results demonstrate that this approach can prevent atlas surface converging to a strong edge of
neighboring structures, or leaking out of structure of interest through weak edge. Validation studies show that
this approach performs very close to experts using semi-automated approach.

In the systems proposed by Cootes et al.'* and Kelemen et al.,'> both shape and intensity models are
constructed based on training data sets. Shape model is created using Principal Component Analysis (PCA)
approach. The mean shape of training data is used as atlas surface. The mean intensity profile and covariance
matrix of intensity profiles from training data are used as the intensity model of atlas. Mahalanobis distance
of a new intensity profile to the mean intensity profile is used to determined the similarity between the new
intensity profile and the atlas intensity profile. In our approach, we just select a single image as atlas, and use
correlation coefficient to measure the similarity between intensity profiles. This is based on the consideration
that our acquisition protocol may change from time to time. Using single image as atlas makes it easier to pick
up a new atlas for the data with new intensity pattern.

The proposed approach not only segments the anatomical region of interest, but also generates a spatial
mapping between corresponding regions, providing more versatile information that can not be easily obtained
using active contour or level set algorithms. In contrast to the conventional atlas-based segmentation method
using intensity-based registration, our approach employs surface-to-image registration, which is less sensitive to
structure differences between atlas and image data in the regions other than ROI boundary. In conclusion, our
deformable surface-to-image registration approach has demonstrated promising results in the analysis of MR
images of rat knees. Future work includes extracting shape priors from existing data, and use this information
to guide registration between atlas surfaces and individual images.
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