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We propose an automatic 3D medical image registration method that combines the watershed transform from greyscale
marker, to effectively reduce the number of key points needed for registration, with a robust optimisation algorithm, called
multi-scale parameter search (MSPS), to quickly estimate the mapping function. We evaluate it for rigid and intra-subject
registration of pre- and post-surgery MR-T1 images of the brain. The visual analysis of its effectiveness is facilitated by a
colour-coding scheme. Extensive experiments show that our approach is very accurate, robust to noise and provides 3D
registration in less than 40 s, with no multi-resolution image schemes needed. We also evaluate MSPS on a testbed of 12
optimisation benchmark problems, in comparison with well-known optimisers, such as particle swarm optimiser, simulated
annealing and differential evolution, showing that it can also be explored in other applications.
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1.

Introduction

Image registration consists in aligning two or more images
in a common reference system of spatial coordinates
(Rueckert & Schnabel 2011). Medical image registration
has been useful to combine data from the same and different
imaging modalities, making it possible to visualise changes
in anatomy and physiology along time and under different
conditions, and to assist image-guided surgery as well as
other treatments. This alignment is often done by taking one
image domain as reference, finding the transformation
between corresponding key points from each one of the
other image domains onto the reference system, and then
extending this transformation to the remaining pixels. The
main problems are (i) the choice of suitable point subsets in
each image domain and (ii) the determination of their
mapping functions onto the reference system. We address
both problems in the context of 3D rigid registration
between magnetic resonance (MR) images of the human
brain. In this application, the methods usually take from a
few minutes (Lu et al. 2007) to several hours (Han et al.
2006) to complete registration between two images on a
desktop computer.
We propose an accurate, fast, robust and automatic
approach for 3D medical image registration. The method
combines the watershed transform from a greyscale
marker (Lotufo et al. 2002), to effectively reduce the keypoint subset needed for registration, with a black-box
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optimisation algorithm, called multi-scale parameter
search (MSPS), to rapidly estimate the mapping function.
The work is a considerable extension upon its conference
version (Ruppert et al. 2010), presented when it was in its
early stages. The present work is a considerable
improvement and counts with extensive validation of
both, registration function and optimisation algorithm.
We evaluate it for rigid and intra-subject registration of
pre- and post-surgery MR-T1 images of the brain.
A comparison with the traditional sum of squared
differences (SSDs) between intensities of all voxel pairs
from the input images demonstrates the effectiveness of
the watershed transform from the greyscale marker for
key-point subset reduction. The new version of the MSPS
algorithm requires less parameters and allows a variable
scale size to refine the search and increase precision.
In summary, this work presents three major contributions: (i) a registration function that considerably
reduces the computational time while attaining high
accuracy, (ii) a new method for global optimisation of
black-box problems (MSPS) and (iii) an in-depth
evaluation of MSPS on a testbed of 12 optimisation
benchmark problems, in comparison with other wellknown optimisers, such as particle swarm optimiser
(PSO), simulated annealing (SA) and differential evolution (DE), with promising results paving the way for
several other applications.
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We are particularly interested in intra-subject registration of 3D MR images of the human brain. Our goal is to
register pre- and post-surgical images from epilepsy
patients (mostly children), who had lesioned brain tissues
removed to eliminate the foci of the seizures. In this case,
we want to evaluate the tissue differences between pre- and
post-surgery by using rigid transformation (i.e. without
affecting the tissue distribution in the brain) and understand their relation to cases where the patient continues to
suffer seizures after surgery (Yasuda et al. 2008). Although
we validate our approach for rigid registration, the method
is easily extensible to global deformable registration.
Local deformable image registration plays an important role in atlas-based image segmentation, where a
common strategy is to start from the result of a rigid
registration process. Therefore, our method can be seen as
a fast, robust and accurate approach to position the image
as close as possible to the desired solution before applying
local deformable registration.
The literature on image registration is vast (Audette
et al. 2000; Hajnal et al. 2001; Hallpike & Hawkes 2002;
Zitová & Flusser 2003; Kostelec & Periaswamy 2003;
Crum et al. 2004; Zou et al. 2007; Rueckert & Aljabar 2010;
Shams et al. 2010; Rueckert & Schnabel 2011; Goshtasby
2012; Sotiras et al. 2013). Maintz and Viergever . 1998)
classify registration methods according to the nature of the
registration basis, type of the transformation, domain of the
transformation, user-interaction level, transformation
search method, imaging modality and transformation
subject. These seven criteria are further divided into some
levels as follows. According to the nature of the registration
basis, a method can be classified either as object-based or
image-based. Object-based methods are those that consider
image segmentation (objects, points, lines) to find the
transformation (Feldmar et al. 1996; Wen 2008), while
image-based methods avoid segmentation for registration
(Viola & Wells 1995; Maes et al. 1997). Methods can also
be classified according to the domain of the transformation
either as global or local. In global approaches, only one
transformation is applied to the whole image domain. When
different parts of the image have distinct transformations,
the method is said local. The parameters of the registration
further divides the methods in those based on parameter
estimation and parameter search. The former estimates the
registration parameters from given point correspondences
and the latter determines the parameters by finding an
optimum of some criterion function defined in the
parameter space (Vandermeulen et al. 1999). Other wellknown terms are also used to classify registration methods:
rigid vs. deformable, interactive vs. automatic, monomodal vs. multi-modal and intra-subject vs. inter-subject
(Rueckert & Schnabel 2011). There are also methods
(Zhang et al. 2012) that deal with registration of
tridimensional meshes, but the focus of this work is on
the registration between images.

The registration method we present here is object
based (the watershed transform from the greyscale marker
segments the moving image into regions, reducing the set
of points to their borders for registration), rigid, monomodal and intra-subject, since we are interested in aligning
MR images from the same patient; global, since the
transformation for the point subsets is the same for the rest
of the image domain; automatic, given that the user only
provides the input images; and based on parameter search.
Many recent works on registration depend on user
interaction (Pietrzyk et al. 1994; Huang et al. 2006), are
only demonstrated for 2D images (Wen et al. 1996; Zou
et al. 2007), provide no quantitative evaluation (Huang et al.
2006; Zou et al. 2007) or are limited to specific applications
(Han et al. 2006; Lu et al. 2007). Most methods from the
literature often take from a few minutes (Lu et al. 2007) to
several hours (Han et al. 2006) to complete the registration
of a pair of 3D MR images of the brain on a desktop
computer.
Besides the image registration function, another key
component of registration methods is the use of a proper
optimisation algorithm. In general, a global optimisation
problem consists in finding the overall optimum set of
parameters for a given objective function, which is usually
non-convex, containing several local minima (Gray et al.
1997). In many cases, neither analytical nor structural
knowledge can be obtained from objective functions
representing real-world problems. Sometimes, even weak
characteristics such as monotonicity and smoothness cannot
be retrieved (Auger et al. 2009). Usually, there is no other
alternative to handle these problems other than the direct
incorporation of its outcomes into the optimisation
formulation, where the parameters being optimised set the
problem internally, leading to responses from which the
optimisation is guided (Hemker 2008). Such a kind
of optimisation scenario is normally referred to as black-box
optimisation and methods that cope with these problems are
useful due to their generality and ease of use (Wolpert &
Macready 1997; Huang et al. 2006).
To address black-box problems, many optimisation
methods have been proposed in the literature with
reasonable success. These methods can be roughly
classified into two classes: (i) the deterministic methods
and (ii) the stochastic methods. On one hand, deterministic
approaches include classical derivative-based algorithms,
in which case the derivatives are estimated by finite
differences or automatic differentiation tools, and
derivative-free algorithms, such as Pattern Search (PS)
methods. On the other hand, stochastic methods rely on
random variables to sample the search space and include
bio-inspired and evolutionary algorithms (Kirkpatrick
et al. 1983; Storn & Price 1997; Kennedy & Eberhart
2002).
In general, deterministic algorithms are more efficient
for the minimisation of convex functions, while stochastic
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algorithms, with a higher cost, better approximate the
global minima of non-convex functions (Allaire 2007).
The reason is that former deterministic methods tend to
become locally entrapped. However, this is not the case for
some recent deterministic global search methods (Floudas
& Gounaris 2009; Lee 2007; Sun & Dong 2011).
In this context, here we propose a new deterministic
method for global optimisation which we call MSPS.
As most of stochastic and few of the deterministic
approaches, this method considers the objective function
as a bounded black-box defined over reals and, therefore, it
can also be considered in functions over reals with simple
bound constraints and whose structure is unknown.
A simpler version of this method was previously published
in da Silva et al. (2012) to optimally combine descriptors for
content-based image retrieval. However, the presentation
and the validation of the method in da Silva et al. (2012)
were very limited. In this work, the formulation of MSPS is
extended and the method is deeply validated not only in our
image registration application, but also in a series of wellknown benchmark functions that enable us to assess its
potential as a general-purpose black-box optimiser. As we
shall see, the results are promising. MSPS has provided
remarkable results, both for the brain image registration
problem and for benchmark problems, outperforming other
state-of-the-art methods in most cases.
The tightly coupled combination of the watershed
transform from the greyscale marker with the gradientimage-based criterion function, with the MSPS algorithm,
makes the proposed registration approach a contribution
that can possibly have a great impact in the field of medical
image registration.
This paper is organised as follows. In Section 2, we
present the registration function based on the watershed
transform from greyscale markers. In Section 3, we
introduce the MSPS optimisation method along with an
illustrative example, its convergence properties and an
algorithm for its implementation. Section 4 presents an
evaluation of the MSPS optimiser on several optimisation
benchmark problems, comparing it with other wellperforming approaches in the literature. The experimental
results of the registration method on clinical images are
shown on Section 5. Finally, we conclude the work in
Section 6 and discuss some remarks for further
investigation.
2. Registration function
The registration function, often called ‘registration metric’
or ‘similarity measure’ in the literature is a function that
measures the similarity between two images for a given
candidate transformation. The registration function used in
this work, first presented in Ruppert et al. (2010), aims at
accurately and quickly accomplishing this definition, and
it is described as follows.

3

Let I^ ¼ ðDI ; IÞ and J^ ¼ ðDJ ; JÞ be two MR images for
registration, where DI , R3 and DJ , R3 are their image
domains and the voxels p [ DI and q [ DJ have
intensities IðpÞ and JðqÞ, respectively. We aim at finding
the transformation M, DI ¼ MDJ , that leads the voxels in
DJ to voxels in DI (reference system) and outputs the
registered image R^ ¼ ðDI ; JÞ with the intensities of J^ in the
^
same domain of I.
Let SI , DI and SJ , DJ be subsets of these image
domains, such that SI ¼ MSJ . We use a special type of
^ J ¼ ðDJ ; GJ Þ of
watershed transform on a gradient image G
J^ to extract the subset SJ as the watershed lines (borders
between segmented regions). The gradient image can be
interpreted as a surface (manifold) in 4D, whose basins
define homogeneous regions and ridges define borders in
^ J . The watershed transform simulates a flooding on this
G
surface with water coming from all minima. When water
from different minima meet at a ridge, a barrier (watershed
line) is built to avoid mix of water. The watershed lines
usually represent an over segmentation of the input image.
In order to considerably reduce the number of irrelevant
lines to form set SJ , a superior morphological reconstruc^ J and,
tion can be applied to eliminate minima in G
therefore, the watershed transform of the reconstructed
image will present considerably less watershed lines
(border voxels). The watershed from the greyscale marker
(Lotufo et al. 2002) computes the superior morphological
reconstruction and watershed transform in a single
operation, using the image foresting transform (IFT)
algorithm (Falcão et al. 2004).
In the IFT framework, a gradient image is interpreted
as a graph whose nodes are the voxels and arcs are defined
between 26 adjacent voxels. A classical watershed
transform of the gradient image would reveal too many
regions (catchment basins), but we know that a superior
morphological reconstruction of the gradient image from
an image marker can considerably reduce its number of
catchment basins. By adding a number K . 0 to the input
image, for instance, all catchment basins, whose depth is
less than K, will disappear from the watershed transform’s
output, considerably reducing the number of region
boundaries (watershed lines) for feature matching during
registration, which makes our approach much faster than
methods based on all image voxels. By specifying a pathcost function f ðpp Þ applied to any path pp ¼ kp1 ; p2 ;
. . . ; pl in the image graph, the IFT algorithm minimises a
cost map VðpÞ ¼ min;pp PðpÞ ff ðpp Þ}, where PðpÞ is the set
of all possible paths with terminus p in the graph, assigning
a minimum-cost path p*p to every voxel p in the image.
Such paths are rooted at the minima of the cost map, which
turns out to be the reconstructed gradient image. The
watershed from the greyscale marker algorithm also
propagates a distinct label (integer number) per minimum,
such that the forest of each minimum forms in a label map
the labelled catchment basins. Therefore, our subset of
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ð1Þ

Since our approach based on the watershed transform
from the greyscale marker will output much fewer border
voxels than the total number of voxels, we are considerably
reducing the problem of finding the transformation M that
^ I Þ, where
maximises a criterion function FðM; SJ ; G
X
^ IÞ ¼
GI ðpÞ:
ð2Þ
FðM; SJ ; G

where GJ ðpÞ is the gradient magnitude computed for a
voxel p, as proposed in Bergo et al. (2007), K ¼ 0:07Gmax
for a maximum gradient value Gmax in the image and the
factor 0:07 was determined empirically.
^ I ¼ ðDI ; GI Þ of I^ is also
Next, a gradient image G
computed using the gradient method proposed in Bergo
et al. (2007). When the images are registered, we expect
that the most relevant borders, present in SJ , be mapped
^ I . Figure 1 illustrates the
onto high gradient voxels in G
resulting images.
In principle, this gradient image can be created by any
other method (e.g. the magnitude of the Sobel’s operator, a
morphological gradient and so on). However, we have
successfully used this gradient presented in Bergo et al.
(2007) for many other applications (Spina et al. 2009; De
miranda et al. 2010; Miranda et al. 2012). Rather than
using just three directions – as in the case of a 3D Sobel’s
gradient vector, for instance – the gradient image here
used takes into account the intensity differences in all
possible directions around a voxel within some adjacency
region (e.g. a sphere of radius r . 1) in order to better
estimate the local gradient vector.

The idea here is that our registration function aims at
matching region boundaries (which are closely related to
the underlying object shapes – a key cue used by humans
to recognise objects) by exploring the watershed lines
(voxel subset) of the movable image, as boundary features,
and the total reference gradient value of those lines, when
they are mapped onto the reference image. Therefore, by
matching the region boundaries of the movable image, as
represented by its watershed lines, with the region
boundaries of the reference image, as represented by
voxels with higher gradient values, we expect to solve
image registration.
The transformation M is then applied to the remaining
^ Actually, one must use DJ ¼
voxels in DJ to compute R.
M21 DI and interpolate DJ to map voxel intensities for each
voxel in DI without holes in the image. Trilinear
interpolation is used during all transformations to give better
accuracy.
A few pre-processing steps are necessary to prepare the
images for the registration. The first step is the interpolation
of both images to a common voxel size using the minimum
value between both images for each axis. Next, we

voxels will consist of the boundary voxels between distinct
catchment basins of the reconstructed gradient image.
We use 26 neighbourhood voxels (all neighbouring voxels
that share at least one vertex with the central voxel) as
adjacency relation for the IFT and a path-cost function
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f ðpp Þ ¼ maxfGJ ðp1 Þ þ K; GJ ðp2 Þ; . . . ; GJ ðpÞ};

;q[SJ ;p¼Mq[SI

Figure 1. Slices that illustrate the pre-processing stage of a 3D registration between a MR-T1 image and another with simulated lesion:
(a) Slice of an original reference image. (b) After intensity normalisation of (a). (c) Gradient image of (b). (d) Slice of the moving image.
(e) After intensity normali sation of (d). (f) Watershed lines of the gradient image of (e). During registration, the accumulation of
reference gradient intensities in (c) for voxels of the watershed lines in (f), which are mapped onto the reference space, is used as
registration criterion for maximisation.
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normalise intensities of both images by linearly mapping
the intensities between 0 and the 99% mark of the
accumulated histogram to the [0, 4095] interval. This
prevents outliers from high intensity MR artefacts, notably
those from blood vessels, from forming strong borders.
For M to be a rigid transformation, we state it as a
composition of a translation and three rotations. The
transformation M can then be defined by six scalar
parameters: u ¼ fRX ; RY ; RZ ; T X ; T Y ; T Z }, where kRX ; RY ;
RZ l define the rotations (angles, in degrees) and
kT X ; T Y ; T Z l define the translations (displacements, in
mm). MR images provide information about the
orientation of the patient so we can consider that images
I^ and J^ are provided in the same orientation and safely start
the search from u ¼ f0; 0; 0; 0; 0; 0} as initial parameters
and the registration is performed by maximising F using
the optimisation algorithm that is presented in Section 3.
3.

Multi-scale parameter search

The registration function described in Section 2 is an
example of the optimisation problem where derivatives
cannot be computed, also known as a derivative-free
optimisation, which relies only on the evaluation of the
objective function. In this scenario, there is no alternative
other than employing a heuristic to guide the search over
the solution space (Conn et al. 2009).
The MSPS optimiser that we propose here uses a
heuristic based on the idea that many objective function
evaluations can be avoided when the search is conducted
in multiple scales of displacements in the parameter space.
In addition, by combining the search in different scales,
the method can have a broader look at the behaviour of the
objective function, which is suitable to deal with the nonconvexity of the problems we intend to address, therefore,
avoiding getting trapped in local minima. The method
requires only a small set of parameters to be defined: the
bounding constraints (maximum and minimum) of each
parameter, an initialisation vector u, the number of scales,
the increasing degree of the scales and a sampling-range
decreasing factor. The last three are described next in this
section.
Our main objective is to avoid the estimation of the
gradient vector of the criterion function locally, because
the algorithm may be trapped into local optima, as it
happens in a gradient-descent search. We could have tried
to approximate that gradient vector in several scales, but it
would be very unlikely to find the best direction for several
scales in a space with several parameters. Therefore, we
decided to explore the fact that the longest projection
along some axis might indicate the best direction to go.
In this way, we evaluate only those possible projections
(displacements) along each axis and in several scales, and
we also combine the best displacements of each axis and
scale, described as follows.

5

Let u be the initialisation vector containing the initial
solution for the problem to be optimised, considering u ¼
ðu1 ; u2 ; . . . ; un Þ where ui are the problem parameters, i.e.
its dimensions. The MSPS idea is to search for
displacement vectors D* so that u is iteratively updated
into new positions u ¼ u þ D* until an optimality criterion
is met or a fixed number of iterations is performed. In order
to make more reasonable moves, the method conducts the
search in multiple scales, perturbing each parameter i ¼
f1; 2; . . . ; n} in j ¼ f1; 2; . . . ; m} displacement scales.
At each iteration, MSPS evaluates Fðu þ DÞ for the
displacements D resulting from the perturbations of each
parameter in all scales and also derived from the
composition of the best perturbations within the scales
and among them. The displacements D are defined by a
function that indicates how the displacements will grow
across scales. This function could vary to better adapt to
each application ranging from simple functions such as
fixed and equidistant displacements to more complex
functions. However, in this work we propose and validate
a function that models the displacements as an exponential
function. Therefore, depending on the exponent value, it is
possible to concentrate the search closer to the current
position having more density of scales in this area and yet,
keep a few scales far from this point, giving the ability to
circumvent local minima and also to converge faster.
An optimisation problem can be either for maximisation or minimisation of the objective function. However,
for the sake of simplicity, the definitions used to explain
the method are assuming a minimisation problem, but the
changes necessary to address a maximisation problem are
trivial.
More formally, let Di;j be a positive displacement
along the parameter axis i for scale j according to the
function
Di;j ¼

jd
ðui 2 li Þ;
2m d

ð3Þ

where l [ Rn and u [ Rn are the lower and upper
bounding vectors, with ui 2 li . 0 for all
i ¼ f1; 2; . . . ; n}, and d is the power to which the scales
j ¼ f1; 2; . . . ; m} are raised, determining how fast the
displacements grow across the scales.
The method takes into account the following
displacements:
. The best perturbation (if any) along each parameter

axis i and scale jis
D*i;j ¼ ð0; . . . ; D*i;j ; . . . ; 0Þ;
where D*i;j [ fDi;j ; 0; 2Di;j } such that, for a given axis
and scale, among the current position (displacement
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zero) and all possible negative and positive displacements, the method selects the displacement that leads
to a better criterion value, i.e.
9
8
Fðu þ D i;j Þ; >
>
>
>
=
<
:
Fðu þ D*i;j Þ ¼ min FðuÞ;
>
>
>
;
: Fðu 2 D i;j Þ >
P
resulting vectors Ds j ¼ ni¼1 D*i;j ,
j ¼ f1; 2; . . . ; m}.
P
. The resulting vector Dp ¼ ni¼1 Dp i , where
. The

ð4Þ

for

Figure 2 illustrates an iteration of the MSPS method.
This toy example considers the optimisation of just two
parameters that minimises some objective function using
three scales. The rectangles represent the scales, and the
axes represent the parameters. The origin (u) is the solution
given by the previous iteration or, in the case of the first
iteration, given by a pre-defined initial position. The figure
also shows other 16 labelled points. These points are the
candidate points to be the solution of this iteration. The
MSPS iteration basically evaluates the objective function
for all these candidate points, and the one that minimises the
objective function is considered the solution of the
iteration. We can divide these points into three categories:
(1) Points along the axes, which are obtained by
displacing only one parameter at a time. The
displacements in both positive and negative
directions are given by D i;j (Equation 3). In this
example, we can see 12 points along the axis besides
the origin. For each scale and parameter, the best
displacement (D*i;j ) is shown labelled with a bold
circle. Here, by ‘best displacement’, we mean the
displacement where the function evaluation resulted
in the lowest value.
(2) Points represented with a crossed diamond are the
intra-scale combination of the best displacements
found in the Category (1). These points are the
combination of the best displacements (D*i;j ) for each
parameter within each scale. Since we have three
scales in this example, this results in three points Ds j .
(3) One last point is labelled as a star-circle diamond
which is the inter-scale combination of the best
displacements found in Category (1). This point
(Dp) combines the best displacement for each
parameter among all scales.
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Dp i ¼ ð0; . . . ; Dp i ; . . . ; 0Þ;
refers to the best displacement along the scales of the
parameter axis i
Fðu þ Dp i Þ ¼

n
min

j¼1;2; ... ;m

o
Fðu þ D*i;j Þ :

ð5Þ

Note that Dp i takes into account the individual values
of D*i;j and is actually presented here for the sake of a
cleaner formulation.
With all displacements evaluated, the choice of D * is
made so that
9
8
Fðu þ DpÞ:
>
>
>
>
=
<
*
u
þ
Dp
Þ
for
i
¼
1;
2;
.
.
.
;
n:
Fð
i
:
Fðu þ D Þ ¼ min
>
>
>
;
: Fðu þ Ds Þ for j ¼ 1; 2; . . . ; m: >
j

ð6Þ
If u þ D * represents an improvement over u, i.e.
Fðu þ D * Þ , FðuÞ, then u ¼ u þ D * is taken for the next
iteration. Otherwise,
Di;j ¼

Di;j
;
2a

ð7Þ

is considered in order to refine the search. The logic of this
refinement is to keep exploring unvisited or relatively
unexplored search space regions in early iterations and,
from a certain iteration, to fine tune the best solution found
so far. In MSPS, this trade-off is controlled by a . 0.
This refinement can be seen as an increasing on the
exploitation ability in detriment of the exploration capability.
In earlier iterations, the aim was to keep exploring unvisited
or relatively unexplored search space regions. From a certain
iteration, however, the displacements must cope with the fine
tuning of the solution so far. In MSPS, this tradeoff is
controlled by a . 0.

If all these 16 evaluated points are worse than the
origin, then the next iteration will have the same origin,
but with smaller displacements given by Equation (7),
therefore, refining the solution.
The idea behind having Categories (2) and (3) of
possible candidate solutions is that, by composing the best
parameters along the axes, the optimiser can walk towards
the solution faster by estimating a better direction of
decrease of the function. And since we are computing these
displacements in different scales, we are also reducing the
chances of getting trapped in local minima.
3.1

MSPS algorithm

The MSPS implementation is straightforward. In the
example below, we take the advantage of composing Ds j
and Dp i while D*i;j is calculated. This leads to a few control
structures and requires an insignificant amount of memory.
The notations through the pseudo-code are the same as in
the aforementioned definitions.
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Figure 2. A toy example of an MSPS iteration. In this 2D problem, the rectangles represent the scales, and the axes the parameters.
In this example, for all 16 labelled points, the objective function is evaluated and the position where the minimum value is found gives the
solution of the iteration, which will be the initial position (u) for the next iteration. The points along the axes are defined as the
displacements given by u ^ Di;j . The points labelled with a crossed diamond (Ds j ) are the combination of the best displacements for each
parameter within each scale. Finally, the starry diamond (Dp) is the point defined by the combination of the best displacement for each
parameter among all scales. If all these 16 evaluated points are worse than the origin, then the next iteration will have the same origin, but
with smaller displacements given by Equation (7), therefore, refining the solution.

Recall that the termination criterion may be the
achievement of a desirable value of F, a maximum number
of iterations or even V * ¼ V 0 after a number of
consecutive refinements in Di;j are considered.
4.

MSPS evaluation

Although this work uses the MSPS algorithm applied to
image registration, the MSPS is a general-purpose optimiser
and can be applied to any black-box optimisation problem.
Therefore, before we analyse the performance of this method
in the image registration domain, we validated the method
first on a testbed of problems for optimisation benchmarks
from the literature in comparison with other state-of-the-art
optimisation methods. By doing so, we gain confidence both
on the algorithm effectiveness for later use in image
registration and its broad range of possible applications.
4.1

Benchmark problems

In order to compare MSPS with other well-performing
optimisation techniques, we evaluate the methods in a

testbed of 12 well-known benchmark problems (Pedersen
2010). These problems can be extended to a high number
of dimensions and vary from convex (e.g. Sphere) to nonconvex (e.g. Rastrigin) functions, and from separable
(e.g. Sphere) to non-separable (e.g. Rosenbrock)
problems. The QuarticNoise problem contains random
noise, the Step problem is discontinuous and the
problems Penalized1 and Penalized2 have constraints in
the form of penalty functions. Such functions represent a
very difficult class of problems for many optimisation
algorithms (Xin yao et al. 1999). On evaluating them, the
aim is not to show whether MSPS is better or worse than
the other methods, but to find out when and why MSPS is
better (or worse). After all, no single search algorithm is
the best on average for all problems (Wolpert &
Macready 1997).
Table 1 shows the formulations of the considered
benchmark problems. All of these problems have an
optimal fitness value equal to zero, although the
QuarticNoise problem has added noise.
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Algorithm1. MSPS:

4.2 Experimental issues
The optimisation methods compared with MSPS in this
work are as follows: PSO, DE, SA and a simple variant of
PS. The first three were considered due to their popularity
and proven effectiveness in solving a wide range of
problems (especially PSO and DE), while the PS variant
was regarded because of the resemblance that MSPS has to
such family of algorithms. In this last case, the aim is to
stress the importance of the MSPS multi-scale property.
The implementations of these four techniques were from
Pedersen (2008).
Ana’s important matter while evaluating responses
from optimisations is how they are obtained. Normally,
some index of performance on one or more problems is
evaluated. Birattari & Dorigo (Birattari & Dorigo 2007)
observe that reporting the central tendency of the
executions of an optimisation algorithm is much more
important than its best result, because the latter may be just
an over-optimistic measure of performance. This is of
particular importance for stochastic methods, where
randomness is employed within the search. In MSPS, we
have no random factors, although the solution from where
our method starts the search may be random. This way, in

accordance to other originally proposed global optimisation heuristics (Storn & Price 1997; Rashedi et al. 2009),
the comparisons are done in terms of the mean fitness
value from a number of independent runs.
With respect to the solutions from where the methods
start the search, for the benchmark problems, they were
uniformly generated at random within the search intervals
(Table 1) for all the optimisation methods.
For both the benchmark and the image registration
problems, we present the results in tables and in
performance curves. In the tables, the values are related
to the mean of the best found solutions at the end of the
allowed number of iterations, while in performance
curves, one can obtain relative information about the
progress of the optimisation over the iterations, i.e. a tradeoff between the time to find a solution and its quality
(Rardin & Uzsoy 2001). Each point in the curves is also an
average from a number of runs.

4.3

Meta-optimisation

As most of the black-box optimisation techniques, MSPS
has control parameters that need to be tuned for in order to
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Table 1.

Benchmark problems employed in this work and the considered search intervals (Xin yao et al. 1999).

Function
Ackley

Griewank

Penalized1

Equation
ﬃ
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

P
f ðxÞ ¼ e þ 20 2 20 exp 20:2 1n ni¼1 x2i
 P

2exp 1n ni¼1 cosð2pxi Þ
 
Pn 2 Qn
xiﬃ
1
p
f ðxÞ ¼ 1 þ 4000
x
2
cos
i¼1 i
i¼1
i

p
2
f ðxÞ ¼ n 10 sin ðpy1 Þ
Pn21
þ i¼1
ðyi 2 1Þ2 ð1 þ 10 sin2 ðpyiþ1 ÞÞ

 P
þ yn 2 1Þ2 þ ni¼1 uðxi ; 10; 100; 4Þ
yi ¼ 1 þ ðxi þ 1Þ=4

uðxi ; a; k; mÞ ¼
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Penalized2

QuarticNoise
Rastrigin
Rosenbrock
Schwefel1-2
Schwefel2-21
Schwefel2-22

Step

f

kð2xi 2 aÞm ;
kðxi 2 aÞm ;

½230; 30n
½2600; 600n

½250; 50n

xi , 2a
xi . a

þ ðxn 2 1Þ2 ð1 þ sin2 ð2pxn ÞÞÞ
Xn
uðxi ; 5; 100; 4Þ
þ
i¼1
with uð:Þ from above
P
f ðxÞ ¼ ni¼1 ðix4i þ random½0; 1ÞÞ
P
f ðxÞ ¼ ni¼1 ðx2i þ 10 2 10 cosð2pxi ÞÞ
P
2
2 2
f ðxÞ ¼ n21
i¼1 ð100ðxiþ1 2 xi Þ þ ðxi 2 1Þ Þ
2
Pn  Pi
f ðxÞ ¼ i¼1
j¼1 xj
f ðxÞ ¼ maxfjxi j : i [ f1; . . . ; n}}
P
Q
f ðxÞ ¼ ni¼1 jxi j þ ni¼1 jxi j
P
f ðxÞ ¼ ni¼1 x2i
P
f ðxÞ ¼ ni¼1 ðbxi þ 0:5cÞ2

achieve its best performance. In our case, these parameters
are the number of scales m, its increasing degree d and the
sampling-range decreasing factor a. The tuning of these
parameters can be done through manual experimentation.
In this case, it is not clear whether a given set of parameter
values really reflects the best choice one would have. One
way to find optimal values for the control parameters is to
conduct an exhaustive search on their combinations.
However, both manual experimentation and grid-based
search are expensive to execute. While human effort is
costly, the exhaustive search for good combinations of
parameters demands an exponentially increasing computational time with the number of parameters.
Another way to find optimum values for the control
parameters is to conceive the optimisation as a problem to
be optimised on its own, i.e. to employ an additional layer
of optimisation. This concept is called Meta-Optimization
herein and, in our case, is a key issue for the experiments to
be fair. The idea may also be found in the literature under
other names, such as Meta-Evolution, and has shown to be

Search interval

2a # xi # a

0;

f ðxÞ ¼0:1ðsin ð3px1 Þ
Xn21
ðxi 2 1Þ2 ð1 þ sin2 ð3pxiþ1 ÞÞ
þ
i¼1
2

Sphere

9

½250; 50n

½21:28; 1:28n
½25:12; 5:12n
½2100; 100n
½2100; 100n
½2100; 100n
½210; 10n
½2100; 100n
½2100; 100n

comparatively cheap to execute and yet reaching better
performance (Smit & Eiben 2009; Pedersen 2010).
Similar to most optimisation problems, the metaoptimisation also has boundaries within which the control
parameters are searched. These intervals are specific for
each optimisation method and are presented in Table 2.
The Local Uniform Sampling (LUS) technique was
chosen to be the meta-optimiser for all evaluated
optimisation approaches and problems because it can
yield good results in a few iterations, which is of great
importance in such a scenario. This method is specially
designed to quickly optimise simpler problems and is often
able to achieve good results on complex problems as well
(Pedersen 2010).
The meta-optimisation process can take into account a
single optimisation problem at a time or a group of related
problems simultaneously. The measure which guides the
meta-optimiser can be called meta-fitness and, in this paper,
depending on the type of the problem, the meta-fitness
value can be either the summation of the fitness values from
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Table 2. Boundaries for the control parameters search space. For MSPS, the parameters are as in Section 3. With respect to PSO and DE
parameters, their meaning is of common knowledge. The SA method employed takes r as the sampling-range factor, a and b as the
starting and ending value of the movement-probability weight, and T as the number of iterations between resets (Pedersen 2008).
Method

Boundaries

MSPS
PSO
DE
SA
PS

m [ ½1; 40; d [ ½0; 7; a [ ð0; 2
S [ f1; . . . ; 200}; v [ ½22; 2; fp [ ½24; 4; fg [ ½24; 4
NP [ f3; . . . ; 200}; CR [ ½0; 1; F [ ½0; 2
r [ ½1e 2 5; 1; a [ ½1e 2 5; 1; b [ ½1e 2 5; 1; T [ ½15; #iter:
nonparametric, as in (Pedersen 2008)
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several runs on a single problem or the summation of the
fitness values of a single run on several problems.

4.4 Results
Table 3 shows the MSPS optimal parameter set-ups for
each optimisation problem obtained from the metaoptimisation. One can see that for many problems, the
best choice was to optimise them considering just one
scale in the search. This kind of behaviour is not
necessarily surprising and we present a more detailed
analysis with the performance results. Once we have
determined these control parameters for all methods, the
benchmark problems were one more time optimised with
such parameters so that we could obtain the performance
curves on every problem. As in the meta-optimisation, we
carried out 50 runs of each method with the same number
of iterations. Each point of the curves presented in
Figures 3 and 4 expresses the mean fitness value from
these runs at each iteration.
Two general aspects can be drawn from the results. The
first one is that MSPS outperformed the other methods in 6
out of the 12 problems. In some cases, the advantage was
remarkable (e.g. Ackley). The second aspect is that MSPS
has always provided acceptable solutions in comparison
with the other methods. Except for the QuarticNoise and the
Table 3. Optimal set-ups of the control parameters obtained
from the meta-optimisation of MSPS.
Problem
Ackley
Griewank
Penalized1
Penalized2
QuarticNoise
Rastrigin
Rosenbrock
Schwefel1-2
Schwefel2-21
Schwefel2-22
Sphere
Step

Scales

Degree

a

1
1
2
2
12
10
1
1
1
1
1
10

n.a.
n.a.
3.67
2.59
0.61
4.58
n.a.
n.a.
n.a.
n.a.
n.a.
2.97

1.58
1.52
1.31
1.55
1.89
1.66
0.82
1.01
1.29
1.58
1.58
1.42

Note: The parameters are as described in Section 3.

Schwefel1-2 optimisations, the results of our method were
always within the best two.
It can be observed in Figure 4 that there is a sudden drop
in the Step function plot for the MSPS method. This is due
to the fact that the Step function (a convex piecewise
function) suddenly drops to the optimum value equal to
zero whenever all parameters lie in the interval ð20:5; 0:5Þ.
This plot represents the mean fitness value (throughout the
iterations) for 50 randomly initialised runs of MSPS using
the Step function. The reason for the sudden drop to a mean
fitness value equal to zero at a given iteration in the interval
[1500, 2000] is that only one optimisation run (out of 50)
had not already reached the minimum before that iteration.
The drop occurred after this remaining run evaluates a point
in the search space whose all parameters were in the interval
ð20:5; 0:5Þ. Note that MSPS was the only method able to
find optimum values for the Step function in all 50 runs, and
we accredit this to the systematic search carried out by
MSPS in multiple scales.
From the 12 problems, 5 are non-convex, namely
Ackley, Griewank, Penalized1, Penalized2 and Rastrigin.
For these, the number of local minima increases
exponentially as the dimension of the function increases.
The results are then much more important since they
reflect the method’s ability to escape from local optima
and to locate near-global optimum solutions. When
analysing the performance of MSPS in such problems,
we can see that it outperformed the other methods in all
cases. In addition, the plateaus in the performance curves
suggest that, in many occasions, some methods become
trapped in local minima. This is specially the case of PS,
which is the MSPS deterministic contestant. With no
doubt, these results show the MSPS’s ability to handle
non-convexity even when the search considers only one
scale.
The convex problems are Rosenbrock, Schwefel1-2,
Schwefel2-21, Schwefel2-22, Sphere and Step. With
exception of Step, all others performed better with just one
scale, which makes sense considering that the search
movements always follow the same direction until the
global minimum region is reached. In the case of Step, the
multiple scales were fundamental as they allowed the
method to overcome the discontinuities of the problem.
Different from PS, which became trapped at a certain
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Figure 3. Comparison of the optimisation progress among the employed techniques. The control parameters of MSPS are as shown in
Table 3. For all methods, the parameters were meta-optimised by considering one benchmark problem at a time for up to 3750 objective
function evaluations. Each observation in the plots is a mean fitness value for 50 optimisation runs and the optimum solution for all
problems has value zero.

moment, the multiscale property of MSPS enabled it to
keep searching until the global optimum was found.
It is possible to observe that whenever PS had good
performance, MSPS also performed well. This is the case
with the optimisation of the simple Sphere and the

Schwefel2-22 problems. As pointed out before, deterministic approaches are good at optimising convex problems.
The MSPS’s performance confirms this idea. For
Rosenbrock, its tricky and rapidly increasing shape made
PSO to approach the minimum faster than MSPS. In the
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Figure 4. Comparison of the optimisation progress among the employed techniques. The control parameters of MSPS are as shown in
Table 3. For all methods, the parameters were meta-optimised by considering one benchmark problem at a time for up to 3750 objective
function evaluations. Each observation in the plots is a mean fitness value for 50 optimisation runs and the optimum solution for all
problems has value zero.

case of Schwefel2-21, the result is acceptable, and for
Schwefel1-2, MSPS did not perform well. At last, for the
QuarticNoise problem, it seems that the noisy responses
did not allow MSPS to fine tune the search.

In Table 4, we can see the mean fitness values at the
end of the same optimisations from the plots. One
observation that can be derived from these numbers is that,
differently from MSPS, PS and even DE, PSO was weak in
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13

Mean fitness value achieved by each optimisation method for 50 optimisation runs.

Problem
Ackley
Griewank
Penalized1
Penalized2
QuarticNoise
Rastrigin
Rosenbrock
Schwefel1-2
Schwefel2-21
Schwefel2-22
Sphere
Step

MSPS

PSO

DE

SA

PS

1.22e 2 12
1.33e 2 3
4.70e 2 11
3.95e 2 11
13.75
4.11e 2 3
453.60
12.38e þ 3
3.31
3.69e 2 13
5.93e 2 25
0.00

0.25
0.40
0.46
2.88
10.12
1.07
41.36
3.23
0.15
0.38
1.98
0.42

0.62
5.55e 2 2
6.76e 2 2
1.29
11.56
50.53
327.94
280.55
11.01
0.66
1.87e 2 2
0.22

6.82
1.10
10.81
2.88
13.04
219.81
4.30e þ 4
623.68
8.36
3.38e þ 4
7.35
5.00

5.99
6.10e 2 2
0.77
1.01
19.70
83.28
2.20e þ 4
2.40e þ 4
84.23
2.95e 2 18
6.52e 2 28
1.64
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Note: The best performances are highlighted in bold.

fine tuning. Although PSO performed best in four
problems, it seems that it has some difficulties for
improving near global optimum solutions.
From this point on, we have a good idea about the
MSPS capabilities in dealing with different types of
problems. It is important to emphasise that our analysis is
restricted to the given scenario, where the number of
allowed function evaluations is small. One more time, we
would like to remark that there is no technique whose
performance is absolutely better (Wolpert & Macready
1997). However, it is possible to have some relative idea
from the results so far: MSPS performed better in six
problems, PSO in four and PS in two, while DE had a
reasonable performance and SA performed poorly.
Apparently, MSPS has great potential in solving nonconvex problems while preserving capabilities common to
local search, such as fine tuning near optimum solutions.
This is exactly the kind of behaviour we expect in order to
solve real-world problems such as image registration.

5. Registration experiments and results
The images used in this work are volumetric T1-weighted
MR images with image resolutions of either 0:98 £ 0:98 £
1:0 mm or 0:98 £ 0:98 £ 1:5 mm. MR intensities range
from 0 to 4095 and image sizes range from 256 £ 256 £
100 to 256 £ 256 £ 160. The parameters of the MSPS
algorithm were obtained by meta-optimisation using the
LUS optimiser. The best parameters found were m ¼ 3
(number of scales), d ¼ 1:106 (increasing degree) and a ¼
1:151 (decreasing factor).
We evaluated the registration accuracy of the proposed
registration method in four sets of experiments. In the first
set, we used MR-T1 images from control subjects
transformed by known rigid transforms. In the second
set, we used the same transformed images from set 1, but
added synthetic (phantom) lesions to the image being
registered. In the third set, we added noise to the control

images to measure robustness to noise. Finally, in the
fourth set, we used pairs of clinical MR-T1 images from
patients who underwent brain surgery, with each pair
being formed by one image acquired before the surgery
and another after the surgery.

5.1

Experiments with control subjects

In the first set of experiments, we used 20 images from
healthy control subjects. For each reference image we
created 10 new images by applying random rigid
transformations with rotation varying from 2208 to 208
around all axes and translations varying from 220 mm to
20 mm along all axes. We then applied the proposed
registration method between each of the 20 images and its
corresponding 10 created counterparts, performing a total
of 200 registration tasks.
The aim of this experiment is to evaluate the
registration method in the ideal case, when the moving
and fixed images are nearly identical, by assessing its
ability to recover the parameters of the applied
transformation. Table 5 (first row) shows the mean,
standard deviation and maximum values of the rotation
and translation errors. It was verified that the registration
succeeded on all cases with negligible errors and the
method presented a sub-voxel accuracy.

Table 5. Error measurements on the first three sets of
experiments (200 image pairs each).
Rotation error (Degree)

Translation error (mm)

Experiment

Mean

s

Max

Mean

s

Max

Set 1
Set 2
Set 3

0.017
0.018
0.038

0.010
0.011
0.040

0.083
0.080
0.160

0.364
0.356
0.499

0.08
0.09
0.09

0.720
0.771
0.773
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Figure 5. The first image is a control data-set, the second is the
same image with noise addition (SNR ¼ 5dB). The degradation
of the data is clearly visible.

5.2 Experiments with control subjects and
phantom lesions
In the second set of experiments, we explore the performance
of the method on images with larger differences simulating
the case of surgical tissue removal, which is the focus of our
work.
We used the same 20 images from the previous
experiment set, but a synthetic artefact mimicking a large
surgical cavity was added to the images being registered.
Then, we also applied 10 random rigid transformations to
each of the 20 images with synthetic lesions and registered
them to their respective original control image without
lesion, performing a total of 200 registration tasks. The
artefacts were added manually with the Phantom Lesion
filter of the freely available IVS software tool (http://www.
lni.hc.unicamp.br/app/ivs).
Registration succeeded with negligible errors in all
cases as shown on Table 5 (second row).

5.3

Experiments with noisy images

To evaluate the robustness of the method with respect to
noise, we used 20 control images and added zero-mean
Gaussian noise with SNR¼ 5dB, which represents a high
degradation level to the image as seen in Figure 5. The
previous experiment (using phantom lesions) was repeated
but now with noise addition and, even subject to such a high
level of noise, the method performed with no significant
accuracy impact, as shown in Table 5 for Set 3.

5.4

Comparison with other methods

Given that registration methods consist of two components, the registration function and the optimiser, the
evaluation against other methods in the literature is
performed separately for each of these components.
First, we validated our registration function against a
widely used and well-known registration function which is

the SSD, computed between voxel intensities from the
moving and fixed image, also known as least squares. This
method can be extensively used for intra-subject and intermodality registration because it can be shown that this is
the optimum measure when two images only differ by
Gaussian noise (Viola 1995; Hill et al. 2001; Hill 2004;
Modersitzki 2004; Orchard 2005; Gorbunova 2008).
However it is very computationally costly since it uses
the whole data from both images to evaluate each
candidate match. We repeated the experiment with the
images from Set 2 (phantom lesions), keeping the same
search algorithm (MSPS) but now using the SSD as
registration function to analyse the difference in accuracy
in comparison with our registration function and we
obtained a mean error of 0:0128 (rotation) and 0:11 mm
(translation). In comparison with Set 2 on Table 5,
although we observe a slightly lower accuracy for our
registration function, the difference is so small and the
error is still sub-voxel which is acceptable for most
applications. Also, in our experiment, the lesioned
synthetic images had the same voxel values from the
original images (except in the lesion area), which helps the
SSD method to perform better. However, in real clinical
cases, the differences of intensity will be much stronger,
and the accuracy of the SSD method is expected to
drop. The same experiment for noisy images (Set 3)
revealed a mean error of 0:0418 (rotation) and 0:39 mm
(translation), which is comparable with our method.
Then, we also evaluate the proposed optimisation
algorithm (MSPS) against other optimisation methods.
In Section 3 we presented an extensive evaluation of the
MSPS algorithm on a testbed of optimisation benchmark
problems against other state-of-the-art optimisers, which
attested the good performance of the method as a generalpurpose black-box optimiser. Now we evaluate the
performance of the method specifically for the image
registration problem. Again, we repeated the same
experiment with Set 2, using the proposed registration
function, and we compared the MSPS method with PSO,
DE and SA. The results are shown in Figure 6 which
reveals that MSPS was able to obtain the best optimisation
and also it converged faster than PSO and SA. It also
converged faster than DE until 450 iterations.
We have also compared the proposed method with the
FMRIB’s Linear Image Registration Tool (FLIRT) (http://
fsl.fmrib.ox.ac.uk), which is part of the widely used opensource software FSL (FMRIB Software Library) from
Oxford University. FLIRT is a fully automated, robust and
accurate (Jenkinson et al. 2002) tool for brain image affine
registration. The tool implements well-known registration
cost functions such as mutual information (MI), SSD and
correlation ratio (CR). In order to evaluate it, we repeated
the experiment with synthetic lesions (Set 2) described in
Section 2. We used the recommended FLIRT parameters
from Jenkinson et al. (2002) (default for a rigid-body
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Figure 6. Fitness curve for minimisation of the registration function. The MSPS method presents the best solution and converges faster
than PSO and SA.

registration) and evaluated it for three cost functions. The
results are shown in Table 6 and reveal that our method
presents a very high accuracy, very close to those from
FLIRT for all cost functions, which, for practical purposes,
can be considered equivalent.
On the other hand, our method is significantly faster than
FLIRT. While FLIRT takes on average 20–30 min to
complete the task in our computational set-up (described
next), our method takes less than 40 s for the same task, a
speed-up of 33 times. It is worth mentioning that it is possible
to enable a multi-resolution scheme in FLIRT that speeds up
the search by beginning from 1/8 scaled-down image, and this
scheme drops its computational time to the range of 50–80 s,
depending on the cost function. Even without multi-resolution
schemes, our method runs faster than FLIRT and we can still
speed it up further by using similar multi-resolution schemes.
Table 6. Comparison between the proposed method and
FLIRT/FSL for three cost functions: MI, CR and SSD.
Rotation error
(Degree)
Experiment

Mean

s

Proposed method
FLIRT (MI)
FLIRT (CR)
FLIRT (SSD)

0.018
0.011
0.010
0.009

0.011
0.007
0.010
0.007

Translation
error (mm)

Max Mean
0.080
0.028
0.033
0.042

0.356
0.451
0.449
0.446

s

Max

0.09
0.23
0.225
0.226

0.771
0.98
0.997
0.983

The method was implemented in C language and takes
on average less than 40 s for a typical MR image
(256 £ 256 £ 160) running as a single process on a
workstation (Intel Xeon E3-1220 3.1 GHz 16GB RAM).
Most of this time is spent on the computation of gradient
and watershed lines (around 32 s) and the registration itself
takes less than 8 s. On the other hand, the SSD-based
registration method took on average 15.3 min using the
same optimiser (MSPS) and the same number of iterations,
which is more than 22 times slower than the proposed
method. These results reveal a drastic registration speedup due to the reduction of key points in the proposed
method.

5.5

Experiments with clinical images

To evaluate our method on real clinical images, we used a
data-set of 45 pairs (pre- and post-surgery) of MR-T1 images
from epilepsy patients, where part of the brain tissue was
removed (Figure 8). In this fourth set of experiments, it was
not possible to perform a quantitative evaluation, since no
ground truths are available. However, a qualitative
evaluation was conducted by evaluating the quality of the
registration result through visual inspection by an expert
using a special visualisation technique that we devised.
A traditional technique to visualise the image
registration result is the checkerboard scheme (Ritter
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Figure 7. Visualisation of registration using colour coding. The last column shows the combination between the fixed image (first
column) and the registered moving image (second column). The first row shows an example of a synthetic lesion case. The second row is
an example of clinical image (pre- and post-surgery).

et al. 1999), where the fixed image and the registered
image are displayed at the same time in alternated squares
like a checkerboard mosaic. However, this scheme does
not reveal smaller differences clearly.
We have developed a technique to visualise the result of
image registration using colour coding (Ruppert et al. 2010).
In this scheme, both images are normalised and then
combined by assigning the red channel to one image and the
green channel to the other. The blue channel is filled with the
average of both images. This way, the regions with accurate
registration appear in unsaturated grey, while regions of
intensity mismatches appear in red- or green-hued voxels.
When the registration is accurate, few saturated voxels are
seen outside the surgery area. Naturally, clinical aspects have
to be taken into account, such as the swelling of regions
around the removed tissue. Figure 7 illustrates this technique
on a synthetic lesion and on a clinical image.
By using this method, the visual inspection of all 45
cases by a neurosurgeon expert showed that the
registration method performed successfully on all cases,
revealing just the operated region in red- or green-hued
voxels, while the whole image is seen as unsaturated grey
voxels (Figure 8).

5.6

Computational time

The method was implemented in C language and takes on
average less than 40 s for a typical MR image
(256 £ 256 £ 160) running as a single process on a
workstation (Intel Xeon E3-1220 3.1GHz 6GB RAM).
Most of this time is spent on the computation of gradient

and watershed lines (around 32 s) and the registration itself
takes less than 8 s. On the other hand, the SSD-based
registration method took on average 15.3 min using the
same optimiser (MSPS) and the same number of iterations,
which is more than 22 times slower than the proposed
method. These results reveal a drastic registration speed-up
due to the reduction of key points in the proposed method.

6.

Conclusion and future work

We presented a method for fast and automatic 3D medical
image registration based on the watershed transform from
the greyscale marker and the MSPS algorithm. The
method was evaluated for rigid registration of 3D MR-T1
images, given our major interest in the analysis of pre- and
post-surgery images from epilepsy patients. The watershed
transform from the greyscale marker was able to reduce
the subset of key points for registration and yet maintain
high accuracy. The experiments involved 645 registration
tasks with images of control subjects and patients, before
and after surgery, and images with synthetic lesions and
noise. The results showed that the method is much faster
with similar accuracy than other methods. The considerable speed-up (22£ to 33£ faster) is especially important
in emergency cases, when the treatment performed a few
minutes earlier represents a significant clinical outcome
difference. Also, the growing use of intra-operative MRI
requires faster registration algorithms to reduce surgery
time, risks and costs. Also, the colour-coding visualisation
scheme was shown to be a valuable aid for qualitative
evaluation of the registration results.
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Slices of a clinical image (pre- and post-surgery). Part of the brain removed by surgery can be seen in red colour.

A key contribution is the new version of the MSPS,
which was extensively evaluated in comparison with other
four widely used optimisers. The major contestants were
PSO and DE, the methods whose good performance is of
common knowledge in the literature. We carried out a fair
evaluation using meta-optimisation on a difficult testbed
of 12 benchmark problems. We obtained promising results
in these benchmark problems, with MSPS outperforming
the other methods in most cases. Especially, MSPS
performed best in all of the considered non-convex
problems. This allows us to conclude that several other
problems can also be well addressed with this technique,
opening avenues to explore MSPS in other applications.
Future work includes comparison with other featurebased methods, extensions of the method to other imaging
modalities and to global deformable registration with new
image features, transformation models and search
parameters. We also plan to apply the MSPS method to

other real-world problems, mainly in the fields of medical
imaging and computer vision.
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