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Abstract

We present a new approach to the general problem of
template-based segmentation, detection, and registra-
tion. This joint problem is highly nonlinear and high di-
mensional, due to the large space of possible geometric
transformations between a given template and its ob-
served signature. Hence, any attempt to directly solve it
inevitably leads to a high dimensional, nonlinear, non-
convex optimization procedure. We propose a novel
parametric solution to this problem, by showing that it
can be equivalently represented by a low dimensional
model, that is linear in the deformation parameters, and
biased by the unknown observation background. Clas-
sical linear methods are then employed to estimate the
deformation parameters, providing an explicit solution
for the joint segmentation and registration problem.

1 Introduction

This paper deals with the problem of joint segmenta-
tion and registration of multidimensional signals. While
this terminology appears mostly in the context of image
analysis and computer vision, we address the general
multidimensional problem.

While multidimensional signal segmentation and
registration have each been independently studied in
the last few decades, recent studies point out the strong
interdependency between these two fundamental prob-
lems. In the one dimensional case of time series, a
technique known as dynamic time warping (DTW) is
used to align two patterns which are related by a non-
linear deformation of the time axis. In [1], it is shown
how DTW can be used for time series pattern match-
ing in large databases. In the two dimensional case,
[2] comprehensively discusses the relationship between
these two problems in the image domain, and suggests a
variational framework for joint segmentation and rigid
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registration. This framework is extended in [3] to al-
low the registration of objects which undergo infinite
dimensional deformations, beside being related by a fi-
nite dimensional group action. Another non-rigid gen-
eralization of [2] is presented in [4], which couples two
PDE:s for surface and infinite dimensional deformation
field evolutions.

The work in [5] improves the robustness and fidelity
of [2], and is utilized in [6], which proposes a cus-
tomized framework for the segmentation of organs in
sequential CT scans for radiotherapy treatment plan-
ning.

A non-rigid level-set framework for the joint prob-
lem is presented in [7], which establishes existence and
uniqueness of the solution in a Sobolev space. The edge
sets in the images are used in [8] as minimizers of the
Mumford-Shah functional, and mapped onto each other
by an explicit registration mapping, assuming the edge
sets are closed and topologically simple. This work is
extended in [9], which introduces the concept of “image
morphology” to allow contrast-invariant registration.

A Bayesian approach to this joint problem based on
Markov random fields (MRF) was initially introduced
in [10]. This work was Followed by [11], which uses B-
spline based free-form deformation to handle non-rigid
registration, and [12], which presents a model designed
specifically for the separation of anatomical structures
in MR images.

The common strategy of the above solutions is the
incorporation of an elastically deformable template in
locating a target object in the observed signal, while
registering the template to this target object. The mo-
tivation for such a setting can rise, for example, from
a segmentation point of view, in which an observation
contains instances of multiple objects, and is meaning-
fully segmented using a set of known templates. An
opposite incentive for this scheme is a template based
attempt to recognize an object or estimate its position,
pose, or relative geometric properties, where the object












Table 1. CT example error statistics, calculated
on 3000 experiments for each template: the
mean of the z and y error components (in
pixels), and the standard deviation of the R2-
Euclidian error (in pixels).
z-mean y-mean Euclidian STD
Template A -0.1712  0.7050 3.6644
Template B -1.0180 -0.7512 3.4693
Template C  0.2418  -0.0041 3.9813

proposed method to an aerial image of a residential area.
The template is a circular patch taken from the observed
image, chosen randomly (uniformly), and rotated at a
random (uniform) angle. The observation, template,
and the estimation results are shown in Figure 4.

As in the previous examples, the estimation does not
involve any search or optimization scheme, but only the
inference of the background statistics and the applica-
tion of our linear model. Since the background statistics
are independent of the template, they are invariant to
the rotation of the template. Note the "texture like” ap-
pearance of the observation, which makes feature based
detection virtually impossible, and is likely to confound
optimization based algorithms into converging to an in-
correct solution.

5 Conclusions

We have considered the problem of template-based
joint segmentation and registration. By employing a
set of nonlinear functionals, we transform the original
problem into an equivalent linear model. The statistics
of the background are calculated in advance, indepen-
dently of the template and the geometric deformation.
Having established these statistics, the estimator can be
applied to any observation that contains a deformed ver-
sion of a known template. The proposed method is in-
variant to the magnitude of the elastic geometric defor-
mation, and yields an explicit, closed form solution.
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