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Abstract. We introduce a new hybrid approach for spline-based elastic
image registration using both point landmarks and intensity information.
As underlying deformation model we use Gaussian elastic body splines
(GEBS), which are solutions of the Navier equation of linear elasticity
under Gaussian forces. We also incorporate landmark localization uncertainties represented by weight matrices to cope with anisotropic errors.
The hybrid registration approach is formulated as an energy-minimizing
functional that incorporates landmark and intensity information as well
as a regularization based on GEBS. Since the approach is based on a
physical deformation model, cross-effects in elastic deformations can be
taken into account. We demonstrate the applicability of our scheme based
on MR images of the brain. It turns out that the new scheme achieves
more accurate results compared to a pure landmark-based as well as a
pure intensity-based scheme.

1

Introduction

The registration of biomedical images is an important task, however, it is difficult and challenging. One reason is that in many applications it is still not
quite clear which type of image information is optimal for matching. Another
reason is that the spectrum of possible geometric differences is relatively large.
Previous work on biomedical image registration can be characterized based on
the nature of the transformation (e.g., rigid, nonrigid) as well as on the used
image information (e.g., landmark-based, intensity-based). While rigid registration schemes are computationally efficient, they do not allow to cope with local
differences between corresponding image data. Therefore, nonrigid (elastic) registration schemes are required (for a survey see [1]). Regarding the used image
information, approaches are often based on either landmarks or intensity information. Main advantages of landmark-based approaches are computational
efficiency, the fact that they can cope with large geometric differences, and the
easy and intuitive incorporation of user-interaction. In contrast, main advantages of intensity-based approaches are that more image information is taken
into account and that no segmentation is necessary (higher level of automation).
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Elastic registration schemes are generally based on an energy functional or
the related partial differential equation. One possibility is to numerically compute solutions using finite differences or the finite element method, which, however, is computationally expensive. For numeric schemes to improve the efficiency, see, for example, [2]. Alternatively, spline-based approaches can be used
for elastic registration, which are often based on a nonuniform grid of control
points (landmarks). Examples of such schemes are based on thin-plate splines
(TPS, e.g., [3]), elastic body splines (EBS, [4]), and Gaussian EBS (GEBS, e.g.,
[5]-[8]). TPS are based on the bending energy of a thin plate, which represents a
relatively coarse deformation model. In comparison, EBS and GEBS are derived
from the Navier equation (partial differential equation), which describes the deformation of elastic tissues (bodies) under certain forces. GEBS in comparison
to EBS have the advantage that more realistic image forces are used (Gaussian
instead of polynomial forces).
Over the past few years, approaches that combine landmark-based and
intensity-based methods have gained increased interest since advantages of both
types of methods can be combined. However, so far only few spline-based registration approaches exist that use both landmarks and intensity information
(e.g., [9, 10, 6, 7]). Typically, the intensity information is only used to determine
optimal positions of the control points (e.g., [6, 7]) or to establish landmark
correspondences, i.e. the landmarks and intensity information are not directly
combined. In addition, often a physical deformation model is not used (e.g.,
[9, 10]). Furthermore, in landmark-based approaches generally an interpolation
scheme is applied that forces corresponding landmarks to exactly match each
other (e.g., [4, 5, 6]). The underlying assumption is that the landmark positions
are known exactly. In real applications, however, landmark extraction is always
prone to error. Therefore, to take these localization uncertainties into account,
approximation schemes have been proposed, e.g., for TPS [3] and GEBS [8].
Note, however, that in these approaches only landmarks have been used but not
intensity information.
In contrast to previous spline-based approaches, the central idea of our new
approach is to directly combine the landmark and intensity information in a
single energy functional as well as to include a regularization based on GEBS.
In addition, we incorporate landmark localization uncertainties to cope with
anisotropic errors. Since GEBS include a material parameter (Poisson ratio) that
defines the ratio between transverse contraction and longitudinal dilation of an
elastic material, cross-effects can be taken into account (which is not the case
for, e.g., TPS). Moreover, since GEBS incorporate Gaussian forces we have a free
parameter (the standard deviation) to control the locality of the transformation,
and, therefore, GEBS are well suited for the registration of local differences.

2

Hybrid Gaussian elastic body splines (GEBS)

We have developed a new hybrid approach for spline-based elastic image registration using both landmarks and intensity information. As underlying deformation
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model we use Gaussian elastic body splines (GEBS), which are derived from the
Navier equation (for details see, e.g., [5, 8]). To compute the deformation field
u for registering the source image g1 with the target image g2 based on landmark and intensity information, we introduce an energy-minimizing functional
JHybrid (u), which consists of four terms:
°
°2
°
°2
¡
¢
JHybrid = JData,I g1 , g2 , uI + λI °uI − u° + λL °uL − u° + λEl JEl (u) (1)
Besides the searched deformation field u, the functional comprises two deformation fields uI and uL , which are computed based on the intensity and landmark
information, respectively (λI , λL , and λEl are scalar weights).
Concerning the intensity information, the first term of (1) represents an intensity similarity measure between the deformed source image and the target
image. Here, we use the sum-of-squared intensity differences as similarity measure. The second term couples the intensity-based deformation field uI with u
using the Euclidean distance between both deformation fields.
Regarding the landmark information, the deformation field uL is computed
based on the landmark correspondences using GEBS. To incorporate localization
uncertainties of landmarks, we employ the approximation scheme proposed in
[8]. With this scheme the landmarks are individually weighted according to their
localization uncertainties, which allows to control the influence of the landmarks
on the registration result. The localization uncertainties are characterized by
weight matrices, i.e. anisotropic landmark errors are taken into account. The
third term of (1) couples the landmark-based deformation field uL with u.
Finally, the fourth term represents the regularization of the deformation field
u. In our case, JEl is based on the matrix-valued basis function of GEBS. By
minimizing the functional JHybrid , the resulting deformation field u is, on the one
hand, similar to the deformation field obtained from the landmark correspondences, and, on the other hand, the intensities of the deformed source image are
similar to those of the target image. In addition, the regularization using GEBS
constraints the deformation field to physically plausible deformations.
An efficient way of minimizing JHybrid is to minimize it alternatingly w.r.t. uI
and u. For the minimization w.r.t. uI , the following functional is relevant
°
°2
¡
¢
JData,I g1 , g2 , uI + λI °uI − u°

(2)

This functional has the advantage that it can be stated independently for each
voxel, and that for each voxel only sums of squared differences are used. Therefore, (2) can be efficiently minimized using the method of Levenberg/Marquardt.
For the minimization w.r.t. u, the following functional has to be considered
°
°2
°
°2
λI °uI − u° + λL °uL − u° + λEl JEl (u)

(3)

Interestingly,
for¤ minimizing (3) an explicit solution can be stated u(x) = G(x)∗
£ I
u (x) − uL (x) + uL (x), where “∗” denotes the convolution of a matrix-valued
function with a vector field and G is the matrix-valued GEBS basis function.
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Fig. 1. Registration of 2D MR brain images: Pre- (top left) and postsurgical image
(bottom left) as well as the (inverse) deformation fields (top) and registered source
images (bottom) using a pure landmark-based approach (middle left), a pure intensitybased approach (middle right), and using the new hybrid approach (right)

3

Experimental results

We have applied the new hybrid registration approach to register 2D MR images
of the human head. In this application the task is to register pre- and postsurgical
MR images of the human brain. Fig. 1 shows 2D MR images of a patient before
(source image, top left) and after (target image, bottom left) the resection of
a tumor. 17 landmarks have been manually placed along the contours of the
tumor and the resection area (indicated by crosses). Fig. 1 shows the (inverse)
deformation fields (top) and registered source images (bottom) using a pure
landmark-based approach (middle left), a pure intensity-based approach (middle
right), and using the new hybrid approach based on GEBS (right). It turned out
that using only landmark information (middle left) the vicinity of the tumor and
resection area are well registered whereas regions without landmarks are not
deformed. As a consequence, the mean intensity error improved by only 4.6%
w.r.t. the unregistered case. In contrast, using only intensity information (middle
right) yields deformations in different parts of the head with an improvement of
the mean intensity error by 12.8%. However, the tumor has not been registered.
Using the new hybrid approach the registration result is significantly improved
in comparison to the previous two approaches since the tumor and resection area
are well registered and, in addition, other parts of the head (see Fig. 1, right).
Here, the mean intensity error for the whole image improved by 13.0%.
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4

Conclusion

The presented hybrid elastic approach combines landmarks and intensity information as well as a regularization based on Gaussian elastic body splines
(GEBS), which are analytic solutions of the Navier equation. In comparison
to existing spline-based approaches, the new scheme combines a number of
advantages. A main advantage is that the hybrid approach directly combines
landmarks and intensity information, and hence exploits advantages from both
landmark-based and intensity-based approaches. In contrast, existing splinebased approaches often use intensity information only to localize control points
or to establish landmark correspondences. Moreover, the new registration approach takes into account anisotropic localization uncertainties of the landmark
positions. We have demonstrated the applicability of our new registration approach based on MR brain images. From the experiments it turned out that the
hybrid approach achieves more accurate registration results in comparison to a
pure landmark-based approach and a pure intensity-based scheme.
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