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Abstract. The ability to establish a mapping between the information
of two different images and estimate the geometrical transform it is sup-
posed it has been applied, are two open problems in computer vision.
Indeed, it is a crucial task for a wide range of applications. In this work
we try to take advantage of the information we can infer from the skele-
ton of an image. Then, we define a global optimization function holding
both problems. We face such a complex optimization problem using a
well known metaheuristic: iterated local search.

1 Introduction

Image registration is a fundamental task in image processing used to finding
a correspondence (or transformation) among two or more pictures taken un-
der different conditions: at different times, using different sensors, from different
viewpoints, or a combination of them. Over the years, registration have been
applied to a broad range of situations from remote sensing to medical images or
artificial vision and different techniques have been independently studied result-
ing in a large body of research (in [5], a clear classification of different registration
techniques and applications can be found).

In the last few years, a new family of search and optimization algorithms
have arised based on extending basic heuristic methods by including them into
an iterative framework augmenting its explorattion capabilities. These group of
advanced approximate algorithms have received the name of metaheuristics and
a deep sumary on the different ones existing is to be found in [3].

In recent literature, we can find different aproaches to the matching and
registration problems ([15], [10]) from the metaheuristics point of view. In this
work, we try to exploit the benefits of applying the Iterated Local Search (ILS)
metaheuristic [13] to solve registration and our contributions are related to
the fact of jointly solving matching and registration transform problems using
skeleton derived information.
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To do so, in section 2 we present the concept of skeleton and medial axis
transform in the field of shape analysis in computer vision and the way we can
use them to generate an object partition. In section 3 we give a brief overview
of the concept of image registration and two important methods to understand
our work. Next, section 4 shows the way we can apply ILS to the registration
problem. In section 5,we expose different results we have achieved applying our
method. Finally,in section 6 we review the work we’ve done and future improve-
ments to be considered.

2 Shape analysis in computer vision: the medial axis
transform

2.1 Basics

The input to a typical image processing and analysis system is a gray-scale or
colour image of a scene containing the objects of interest. In order to understand
the contents of the scene, it is necessary to recognize the objects located in it.
The shape of the object is a binary image representing its extent. The shape can
be thought of as a silhouette of the object. There are many imaging applications
where image analysis can be reduced to the analysis of shapes (e.g. organs, cells,
machine parts, characters).

Classification of shape analysis techniques can be done attending to different
criteria and is beyond the scope of this paper. For an in depth discussion see [11]
where a review of a variety of methods is presented. We will focus on a special
shape description method: the skeleton and medial axis transform of an object.

Intuitively, the skeleton of an object is the set of points which are equidistant
from at least two points of the object boundary (there is a part of the skeleton
inside the object and another part outside, but we do not take into account the
latter part). The first attempts to a formal definition of the skeleton were due
to Blum [4] and Calabi [6]. Blum proposed the grassfire analogy: the skeleton
consists of the points where different firefronts intersect, or quench points. He
also proposed another definition, widely used later: if one considers the elevation
surface (hypersurface in the 3D case) obtained from the distance transform of
the object, which for each point inside the object gives the distance to the closest
boundary point, the skeleton is the set of points for which there is a discontinuity
of the distance map derivative. As the closest boundary point, P, to an object
point, M, is known to be the orthogonal projection of M on the boundary, this
definition is obviously equivalent to the intuitive one. Indeed, since a point M
of the skeleton has at least two projections on the boundary, M is equidistant
to almost two boundary points.

In order to formalize the notion of skeleton, in [6] the problem is analyzed
from a topological point of view: the skeleton is defined as the set of the object
maximal disk (maximum balls in the 3D case) centers. He also proved that the
notions of quench points and maximal disk centers are equivalent.

Therefore, in the continuous case, the skeleton of an object is a set with
no thickness, that is to say a set that only contains balls of radius zero. The
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skeleton of a 2D object will look like a graph placed in the middle of the object
and composed of pieces of courbes, called skeleton branches.

The medial axis is defined as a set containing the skeleton points and the dis-
tance vectors joining each skeletal point to its closest boundary point. Therefore,
retrieving the object shape from its medial axis is straightforward. The medial
axis is a more complete representation of the object than the skeleton. Indeed,
objects with different shapes can yield the same skeleton (if, as was said before,
we do not consider the part of the skeleton outside the object), and only the
medial axis will differ and allow to distinguish between these objects.

Let us now introduce some notations. First, let X be a digital object. Its
medial axis is denoted: {SK(X), psg}, where SK(X) is the skeleton of X and
p is the distance map of X (inside X) defined by:

Z" — R"; M+ p(M) =d(M,X) = inf d(M,P),
PeX
wth d being a metric, classically the euclidean distance. X denotes the comple-
ment of X, and finally pgy is the restriction of p to SK(X). The distance map
for a digital object is usually computed by Euclidean Distance Transform (EDT)
methods [7].

The sets of closest background points to a object point M, [[(M), is known

to be the set of projections of M (on the background). It is defined by:

M — (1) = {P € X | d(M, P) = p(0M)}

As we said before, skeletal points are defined as centers of the object maximal
disks, so if an object point M satisfies |[[(M)| > 2, M is the center of a maximal
ball, thus M is a skeletal point.

2.2 Shape characterization from the medial axis

Finally, let us look at skeletons from a structural point of view. As we stated
in [9] the skeleton of an object is formed by pieces of curves (2D and 3D
cases) and surfaces (3D case only) linked together by junctions. The pieces of
curves and surfaces which do not contain any junctions are called pure curves
and surfaces (therefore the connected components which remain when removing
junction elements from a skeleton are pure curves and surfaces). In the following,
we will refer to these pieces of skeleton by the expression skeleton parts. Finally
by frontier points we denote the points which end skeleton parts and are not in
contact with junction components (see Figure 1).

As the skeleton SK(X) of an object X is a thin set, it allows us to classify the
object topologically, thus allowing the study of the skeleton topology and there-
fore of the object topology. The topological classification of SK(X), denoted
SK.(X), attaches to each point of the skeleton one of the following labels:

- Type F: Frontier Point - Type C: Pure Curve Point
- Type J: Junction Point - Type S: Pure Surface Point (3D case only)
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depending of which component does the current skeleton point belong to, re-
spectively Frontier, Junction, Pure Curve and Pure Surface.
Let us now briefly recall the general idea of the n-D euclidean skeletonization
twofold process presented in [12] that we have been considered in this work:
1. Local characterization of skeletal points by the introduction of two measures

based on the Euclidean distance mapping.
2. Global topological reconstruction of the skeleton from two intermediate skele-

tons, one giving the adequate detail level, and the other giving the topology

to be preserved.

As an example, Figure 1 illustrates the fact that branches of the skeleton
of a 2D object are pure curves linked by junction components, and frontier
components are the ends of the skeleton branches which are not in contact with
a junction element.

Fig.1. On the left, topologically characterized skeleton of a 2D object. Skeleton
branches (pure curves) are in yellow (or light gray), junction components in red (or
black) and frontier components in black. On the right, object partition.

From the previous labeled skeleton parts we are able to obtain an object
partition with region significance. Each of these regions will be related to a
skeleton part. A well known skeleton based object partitioning method is skiz
(skeleton by influence zones), which has been widely used. The skiz is obtained
through the following steps: 1) compute the object skeleton and label the skeleton
parts; 2) compute the distance map of the skeleton parts; 3) propagate the
skeleton parts labels to the object points using the previous distance map, i.e.,
attach to each object point the label of its closest skeleton point.

The medial axis of an object is a very compact and informative representation
of the object. To each skeletal point M we can attach the different attributes
(the relative value of p(M ), where p is the distance map of X; or its topological
label: Type F, J, C or S).

From the skeleton parts labeling, we also infer a meaningful partition of
the object into regions, each of these regions being associated to one of the
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skeleton parts. So, now we have skeleton parts and associated object regions.
To each skeletqn part PéK( X) and object region R% we can attach different
attributes: i) Pgy y size compared to skeleton size; ii) variation of the distance
map along P K(x): i) RY region size relative to the object size; iv) variation
of the curvature sign along P,

We have also characterized éif%erent skeleton points: junctions can be de-
tected and labeled by a connected components extraction of type J pixels of
SK.(X). To each skeleton junction JgK(X) we can attach different attributes:
its order as defined by the number of skeleton parts which meet at junction

éK(X); the value of p at the junction ']é‘K(X) compared to the maximal value
of pin SK(X).

Finally, we have identified frontier points in the skeleton. One possible
attribute related to these points is the relative value of p. The larger the value
of p, the smoother the curvature change at the boundary will be.

3 Image registration

3.1 Definition

Image registration can be defined as a mapping between two images (I; and I)
both spatially and with respect to intensity:

Iz(m,y,z,t)Zg(Il(f(m,y,Z,t))) (1)

We can usually find situations where intensity difference is inherent to scene
changes, and thus intensity transform estimation given by ¢ is not necessary.
In this contribution, we will consider f represents an isometric transform, i.e.
rotation, translation and uniform scaling.

3.2 Image registration methods

Iterated Closest Point: The well known (ICP) method was proposed by Besl
and McKay [2], and later on extended in different papers ( [16], [8]):

— The point set P with IV, points p; from the data shape and the model X
—with N, supporting geometric primitives: points, lines, or triangles— are
given.

— The iteration is initialized by setting Py = P, the registration transform
by go = [1,0,0,0,0,0,0]!, and & = 0. Next four steps are applied until
convergence within a tolerance 7 > 0.

1. Compute the matching between the data (scene) and model points by
the closest assignament rule: Y3, = C'(Pg, X)
2. Compute the registration: fi(FPo,Y%)
Apply the registration: Pyi1 = fi(Pk)
4. Terminate iteration when the change in mean square error falls below 7

w
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The use of the algorithm includes different advantages: i) it is independent of
the shape representation (it allows the use of CAD data without any preprocess-
ing, for instance); ii) no need of data smoothing when there are no outliers; iii)
no need of data derivatives; iv) the method can be generalized to n-dimensional
problems using the SVD algorithm; and v) it is possible to speed up the method.

However, the algorithm also presents some important drawbacks: i) it is very
sensitive to outliers presence; ii) the initial states for global matching play a basic
role for the success of the method when dealing with important deformations
between model and scene points; iii) the estimation of the initial states mentioned
above is not a trivial task, and iv) the cost of a local adjustment can be important
if a low percentage of oclussion is present.

In view of the later, the algorithm performs bad when dealing with important
transformations. As Zhang stated in [16]: “we assume the motion between the
two frames is small or approximately known”, hence this is a precondition of
the algorithm to get reasonable results. Figure 2 shows several examples of that
with one of the shapes considered in our experimental study.

Fig. 2. ICP performance differs when dealing with small or big transforms. On the
left: in blue, original shape; in green, original shape with a 20 rotation; in red, ICP
estimation applied to the original object. On the right: same distribution of colours for
a 90 rotation.

Robust point matching: Rangarajan et al. ( [14]) present the RPM method
based on finding the registration transform and the one-to-one correspondences
between point features extracted from the images and rejecting non-homologies
as outliers. The RPM algorithm minimizes the following objective function:

N1 N2 Nl N2
min E(M,0,t,5) =Y | Myl| X —t = sR(O)Y;]* + gaogs>2 —a) > My
0.t i=1 j—1 i=1 j=1

(2)
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subject to

Ni+1 N2+1
> My=1Vj€{l,..,No}, Y My =1,Vi€{1,..,Ni} and M;; € {0,1}

=1 j=1

Equation ( 2) describes an optimization problem from which the transforma-
tion parameters can be obtained by minimization. This problem contains two
related optimization ones: the matching between the points of the two images
and the registration transform estimation. The result is a two-stage algorithm
which alternates between solving for the registration and the matching.

4 Iterated local search for the 2D registration problem

Instead of following previous approaches ( [1]) based on searching for a good
matching and then solving for the registration transform, in our work, we use the
ILS metaheuristic for jointly solving our two-fold registration problem finding
a good matching between both image points and getting the best isometric
registration transform we supposed it has been applied. To do so, the basics of
ILS are first described, and the local search (LS) algorithm considered and the
different ILS components are later analyzed.

4.1 The iterated local search metaheuristic

ILS [13] belongs to the group of metaheuristics that extend classical LS methods
by adding diversification capabilities to them. This way, ILS is based on wrapping
a specific LS algorithm by generating multiple initial solutions to it as follows:

procedure [terated Local Search
sop = GeneratelnitialSolution
s* = LocalSearch(sg)
repeat
s' = Perturbation (s*, history)
s* = LocalSearch(s")
s* = AcceptanceCriterion(s*, s* , history)
until termination condition met
end

Hence, the algorithm starts by applying LS on an initial solution and iterates
a procedure where a strong perturbation is applied on the current solution s*
(in order to move it away from its local neighborhood), and the solution so
obtained is then considered as initial starting point for a new LS, from which
another locally optimal solution s*' is obtained. Then, a decision is made between
s* and s* to get the new current solution for the next iteration.
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4.2 The local search algorithm considered

As said, this LS procedure allows us to obtain a complete solution to the 2D
registration problem: a point matching between the data and the model shapes,
and a registration transform to move the former into the latter. To do so, we
only search in the matching space (only the point matching is encoded in the
LS solution) and derive the registration by a least squares estimation as done in
the ICP and RCP methods (see section 3.2).

The point matching between both images is represented as a permutation =
of size N = maz(Ny,N>), with N; and N» being the number of points in the
data and model shapes, respectively. If Ny > N», then 7 (i) represents the model
point associated to the data point ¢ and viceversa. Notice that this representation
has two main pros: i) it is based on a permutation, a very common structure
in the field (used for example to solve the traveling salesman and the quadratic
assignment problems), and ii) it allows us to deal with the case when both images
have a different number of points, thus automatically discarding the outliers.

Moreover, the other novelty of our method is that the features of the shape
are used to guide both the matching and the registration. This way, the objective
function will include information regarding them both as follows:

N1 Nz
min B(M,6,t5) =w -3 > Myl X~ t = sREOV | +wz - FO1) ()

i=1 j=1

where the first term stands for the registration error (M is the binary matrix
storing the matching encoded in 7 and 6, t, s are the isometric transform param-
eters to be estimated (see expression 2)), the second one for the matching error,
and w1, ws are weighting coefficients defining the relative importance of each.

As regards the second term, there are different ways to define the f function
evaluating the goodness of the matching stored in M as a big amount of infor-
mation can be obtained from the medial axis ( [9]). In this contribution, we have
chosen the following:

f(M) =0.75 - pointtype + 0.25 - (medaxis + length + izs)

where pointtype measures the error associated to the assignment of points of
different types and the remaining three criteria refer to the variation of the
distance map along different branches (see section 2.2).

Finally, the neighborhood operator is the usual 2-opt exchange, based on
selecting two positions in 7 and exchanging their values. The LS considered
is the first improvement variant, where the whole neighboorhod is generated
to obtain the best neighbor and the algorithm iterates till the latter does not
outperform the current solution.

4.3 The iterated local search components

GeneratelnitialSolution: A random permutation is computed.
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Perturbation: As a stronger change than the one performed by the 2-opt LS
neighborhood operator is needed, we deal with the random exchange of the
positions of the values included within a randomly selected sublist of size %,
with a € {2,3,4,5,6} (of course, the lesser the value of a, the stronger the

perturbation applied).

AcceptanceCriterion: We directly select the best of s* and s* as current solution,
as usually done.

Termination condition: The algorithm stops when a fixed number of iterations
is reached.

5 Experiments and analysis of results

We have applied the algorithm to two different shapes, over which different
rotations, translations and scales have been developed to test the behavior of
the technique. In the first row of figure 3 we show the original shapes and the
corresponding partitions induced by medial axis transform, the information that
will be used during the registration transform computation to guide the matching
among points.

The ILS algorithm has been run during 50 iterations considering a = 2 for
the perturbation operator. The weights in the objective functions have been
defined as wp = 1 and Wy = 2- %, with Rinitial and f(M(ﬂ'initial))
being respectively the registration and matching errors of the initial solution.

The results obtained are showed in rows 2 to 6 of figure 3. Second row cor-
responds to a simple 60° rotation of the first original object; next column shows
its partition; in the third column we store the representation of the mapping
among different points of the different object (we have used several colours to
distinguish the mappings of each kind of point). It is important to see in this
column the way in which only points of same type match each other, even in
the presence of noise in part of the object (third and fourth row) and differ-
ent projection and junction points differ from the original and the transform
shape. Last column reflects the effect of applying the estimated transform to the
original shape and doing a superposition on the transformed object. Third row
corresponds to a 180° rotation with the presence of noise in part of the object.
Next row adds a scale transform of 0.5 to the original object. In fifth and sixth
rows, 30 and 90 with a 0.5 scale value transforms have been respectively applied
to the top right shape.

6 Concluding remarks

In this contribution, we have formulated the image registration problem as a
two fold one in order to jointly solve for the matching and the search for the
isometric parameters of the registration transform. To do so, we take advantage
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Fig. 3. First row: two original shapes and partition induced by the medial axis. Next
rows (from left to right): isometric transform applied to the original shape, object par-
tition, matching results: different point types with different colours (yellow—frontiers,
blue—junctions, cyan—projections).Finally the superposition of the transformed image
and the result of applying the estimated transform to the original shape.
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of the information infered from the medial axis of the object and we use the
ILS metaheuristic to face such a complex optimization task. We have presented
results with important transformations applied to different model shapes.
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