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19.1 Introduction

Registration between two- (2-D) or three-dimensional (3-D) images is a common problem encountered
when more than one image of the same anatomical structure is obtained, but taken at different times,
either when using different imagery or when performing dynamic studies. In all cases, the information
present in the different images must be combined to produce fused or parametric images. For efficient
fusion of information, the different images have to be registered. Several registration and fusion tech-
niques have been proposed in the literature, with varying degrees of user intervention, and the most
representative will be discussed in this chapter. 

The chapter is divided in two main sections: medical image registration and medical image fusion.
The medical image registration section is concerned with the introduction of a generic medical image
registration scheme based on global transformations. This scheme consists of the identification of com-
mon features in the images to be registered, the definition of geometrical transformation, the selection
of an appropriate measure of match between the reference and transformed image, and the application
of various optimization techniques for the determination of the transformation parameters with respect
to the measure of match. A detailed description of an elastic deformation model combined with the
proposed generic registration scheme will be described in detail to refine the accuracy of the registration
results. In the application section, qualitative and quantitative results will be presented for registering
retinal images (2-D case) and computed tomography (CT)-magnetic resonance (MR) human heads (3-D
case). In both cases, the superiority of the automatic registration methods against the manual one will
be proven. 

The medical image fusion section is concerned with the introduction of various techniques commonly
used to combine information from different modalities after the application of the medical image
registration process. These techniques will be divided into two main categories: fusion of information at
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the image level and at the object level. Finally, results of the information fusion will be qualitatively
assessed from various modalities.

19.2 Medical Image Registration

19.2.1 Literature Review

The process of image registration can be formulated as a problem of optimizing a function that quantifies
the match between the original (reference) and the transformed image. Several image features have been
used for the matching process, depending on the modalities used, the specific application, and the
implementation of the transformation. Comprehensive surveys of medical image registration can be
found in References 1 and 2 in terms of image modalities and employed techniques. According to the
matching features, the medical image registration process can be divided into three main categories:
point-based, surface-based, and volume-based methods.

Point-based registration involves the determination of the coordinates of corresponding points in
different images and the estimation of geometrical transformation using these corresponding points.
Such points can be defined using external markers placed on the patient’s skin before the acquisition,3–4

stereotactic frames,5–6 and landmarks.8 External markers have been used to register single photon emission
computed tomography (SPECT)-MR images with the affine transformation method3 and CT-MR data
with 3-D global transformations.7 Landmarks, as another point-based approach, were placed in the
images by experts by means of software in order to equivalently define and register anatomical areas.8–10

A landmark-based method to register CT-MR images, using Singular Value Decomposition, is described
in Reference 8. A more advanced deformation based on the Thin Plate Splines interpolation model is
reported in Reference 11. The low resolution along the transverse axis, the small number of corresponding
markers, as well as possible inaccuracies in their placement during the acquisition from each modality,
render these methods as manual, resulting in inaccuracies and inconsistencies. 

Surface-based registration involves the determination of the surfaces of the images to be matched and
the minimization of a distance measure between these corresponding surfaces. The surfaces are generally
represented as a set of large number of points obtained by segmenting contours in contiguous image
slices. There may be a requirement for the points to be triangulated. The difference between point- and
surface-based registration algorithms is that point correspondence is defined by the user for the former,
whereas it is automatic for the latter. Pelizzari et al.12 introduced the idea of using surfaces to register
brain images by obtaining a rigid body transformation, which when applied to “hat” coordinates (points
that belong to the skin surface of the scan with the lower resolution) minimizes a residual that is the
mean square distance between hat points and “head” surface (a stack of skin contours from the higher
resolution scan) using an optimization technique described by Press et al.13 The Euclidean distance
between a point of an image and the closest surface point is used in Reference 14 as the closest point
projection rule, whereas the integer approximations of the Euclidean distance as well as its highly
computation cost required were improved by using the well-known chamfer distance transform.15 This
method was then applied to medical image registration.16–17 Besl and McKay18 presented a general purpose
registration technique called the “Iterative Closest Point method,” which was extended and implemented
toward medical applications in References 19 and 20. A method designed to register preoperative CT
images to cerebral surface points acquired intraoperatively from ultrasound images was presented in
Reference 21, along with qualitative results and accuracy comparisons using marker-based methods.

Volume-based registration involves the optimization of a quantity measuring the similarity of all geo-
metrically corresponding voxel pairs, considering some predefined features. Multiple volume-based algo-
rithms have been proposed in Reference 22 and 23, optimizing a measure of the absolute difference between
image intensities of corresponding voxels within overlapping parts in a region of interest. These methods
were based on the assumption that the two images are linearly correlated, which is not the general case.
Cross-correlation of feature images derived from the original image data has been applied to CT-MR
modeling using geometrical features, such as edges24 and ridges,25,26 or using specially designed intensity
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transformations.27 Misregistration was measured by the dispersion of the 2-D histogram of the image
intensities of corresponding voxel pairs, which was assumed to be minimal in the registered position. The
criterion of Studholme et al.28 required segmentation of the images or delineation of specific histogram
regions, while the criterion of Woods et al.29 was based on an additional assumption concerning relation-
ships between the gray values in the different modalities to reduce the complexity. In References 30 and
in an extended work,31 the mutual information (MI) registration criterion was introduced, measuring the
statistical dependence between two random variables of the amount of information that one variable
contains about the other. The MI of the image intensity values of corresponding voxel pairs was maximal
if the images were geometrically aligned. A comparative study between surface- and volume-based regis-
tration algorithms was recently published,32 indicating that the volume-based techniques seemed to give
more accurate and reliable results when the CT-MR images were registered and slightly more accurate
results for the positron emission tomography (PET)-MR images. The reason lies with the fact that surface-
based registration methods require well-defined corresponding surfaces prior to registration.

Most of the aforementioned registration algorithms use rigid transformations to account for global
misalignment. When merging brain image data or matching anatomical representations such as atlases,
elastic matching techniques seem most appropriate to record local shape differences.33,34 Bookstein35 used
a user-defined set of landmarks and the Thin Plate Splines interpolation model to interpolate the
displacement function over the whole image. Approaches based on deformation models include similar-
ity-based methods, polynomial transformations, and contour matching. An elastic deformation
method,36 based on the cross-correlation coefficients, was applied iteratively to CT images until a match
was made with a predefined atlas model. Low degree polynomial transformations applied to register MR
images caused a polynomial warping,37 whereas 2-D CT-MR chest images were registered using the
dynamic elastic method which matched corresponding contours and led to a global translation vector
for coarse alignment and local residual shifts along the contours.38 Furthermore, a contour registration
technique was presented, consisting of a boundary homothetic mapping together with an elastic shape
deformation model based on active models.39 The advantageous implementations of the elastic defor-
mation models avoid the application of the geometrical distortion correction operation, due to the
imaging modality required prior to registration. Several imaging techniques, such as the MRI system,
cause local geometrical distortions in their field of view. In Reference 32, where surface- and volume-
based registration methods were evaluated, MR images were corrected from static field inhomogeneities
using various techniques.40,41 

Current trends on multimodal medical image registration include the improvement of the registration
accuracy as well as the implementation of various registration schemes involving approaches from
different registration process categories (point-, surface-, and volume-based methods). Fitzpatrick et al.42

derived approximation expressions for the “Target Registration Error” (TRE) and for the expected squared
alignment error of an individual fiducial marker. They found that the expected registration accuracy is
worse when the fiducial points are closely aligned, thus providing the surgeons with the appropriate
guidance in placing the fiducial markers before surgery and increasing the accuracy of point-based
guidance systems. Also, it was revealed in Reference 42 that fiducial alignment alone should not be trusted
as an indicator of registration success. The efficiency of a weighted geometrical feature algorithm was
demonstrated by registering CT and MR volume head images using fiducial points, surfaces, and various
weighted combinations of points and surfaces, according to References 20 and 43. In Reference 44, a
combined registration scheme based on the use of image features with the affine transformation and an
elastic deformation model was applied on various 2-D and 3-D head data, improving the registration
performance by obtaining global and local brain deformations.

19.2.2 Generic Medical Image Registration Scheme

A generic medical image registration scheme may consist of the selection of the image features that
will be used during the matching process, the definition of a measure of match (MOM) that quantifies
the spatial matching between the reference and the transformed image, and the application of an
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optimization technique that determines the independent parameters of the transformation model
employed, according to the MOM. The proposed generic medical image registration scheme is shown
in the Figure 19.1. 

19.2.2.1 Transformation Models

Several transformation models may be employed for the global medical image registration.1 The most
representative include the affine, the bilinear, the rigid, and the projective transformations.

1. The affine transformation can be decomposed into a linear transformation and a simple translation.
It can be shown that this transformation maps straight lines into straight lines, whereas it preserves
parallelism between lines. In the 3-D case, it can be mathematically expressed as follows:

(19.1)

The affine transformation is completely defined by nine independent parameters (ai, bi, ci) for i
= 1, 2, 3 and dx, dy, and dz, whereas, in the 2-D case, the affine transformation is defined by six
independent parameters.

2. The bilinear transformation is the simplest polynomial transformation, which maps straight lines
from the original image to curves. It can be expressed for the 3-D case as

(19.2)

The bilinear transformation is completely defined by 24 independent parameters (ai, bi, ci) for i
= 0, 1, 2, …, 7. For the 2-D case, eight independent parameters completely define the bilinear
transformation.

FIGURE 19.1 Generic medical image registration scheme.
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3. The rigid transformation preserves the distance between any two points in the transformed image.
The mathematical expression of the transformation for the 3-D case is given by

(19.3)

where tx, ty, and tz represent the rotation angles and dx, dy, and dz represent the translation
displacements along the x, y, and z axes, respectively.

4. The projective transformation maps any straight line in the original image onto a straight line in
the transformed image. Parallelism is not preserved. The mathematical expression of the trans-
formation for the 2-D case is given by

(19.4)

where w represents the extra homogeneous coordinate and u and v are dummy variables. The projective
transformation is mainly employed in the 2-D case, strongly resembles the bilinear, and is completely
defined by nine independent parameters (a11, …, a33).

19.2.2.2 Matching Features — Measure of Match

Several image features have been used for the matching process. The use of external skin markers is a
well-documented and relatively simple approach. They are placed physically on the patient prior to the
acquisition of the image. The use of four skin markers for registering CT-MRI using 3-D global rigid
transformation was reported in Reference 7. A similar application on CT images for stereotactic surgery
was described in Reference 45. A combination of skin markers with affine transformation appears in
Reference 46, considering SPECT and MR images, whereas SPECT and PET images were registered with
CT images using four skin markers and a least square fit method in Reference 47.

Landmarks placed in the images by an expert to identify anatomically equivalent areas in the pair of
images is another approach. Usually, the small number of landmarks as well as possible inaccuracies in
their placement renders these methods semi-automatic and able to estimate simple transforms. Land-
marks and Singular Value Decomposition methods were applied in CT-MR images,8 whereas registering
2-D myocardial perfusion images required high order polynomial transformations.48 Landmarks and a
global affine transformation were employed for CT-SPECT registration in Reference 49, whereas a more
advanced transformation (Thin Plane Splines) was used in Reference 11 for CT-MR images.

Matching the principal axes can be suitable for registering specific anatomical structures, but the
resulting transform is usually approximate using rigid transform,50 or affine transform,36 requiring further
local transformations. Considering the object of interest as a collection of N voxels, the principal axes of
the object are defined as the eigenvectors of the covariance matrix of the position vectors (x1, x2, x3) of
the object voxels, which is defined as follows:

(19.5)

where i, j = 1, 2, 3. The eigenvectors of the covariance matrix can be calculated using the method of
Singular Value Decomposition.13
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In cases of 3-D images, a match between anatomical structures is calculated (surface to surface or points
to surface). For instance, in the case of registering CT with MR images, a match between the head and
hat is estimated, with the hat extracted from the outer contours of the MR modality and the head being
the surface generated from the outer contours of the CT image. The “head-hat” match, combined with
rigid or affine transformation in References 12 and 50, was used in registering CT and magnetic resonance
imaging (MRI) with PET.

Several match measures have been employed, depending on the application as well as the implemen-
tation of the transform. In cases of manual registration, the match is quantified by the distance between
selected pairs of points or markers. In the case of matching the principal axes, the required translation
is determined by the centroids of the two structures, whereas scale and rotation are determined by the
two systems of principal axes. For the head-hat match, the distance transform is often used.1,14

Correlation methods are suitable for both 2-D and 3-D image intramodality registration. Generally,
the correlation coefficient between two images, IA(i, j) and IB(i, j), is defined for the 2-D case according
to the following equation: 

(19.6)

where  and  are the corresponding average values for the images.
Correlation techniques map regions of pixels on a best-fit basis and, therefore, require minimal user

interaction. These methods have been combined with very simple transformations (translations only in
Reference 51 or translation and rotation in Reference 52). The use of global affine transform with cross
correlation implemented in the spatial frequency domain was also reported in Reference 53, whereas
curved transformations for digital subtraction angiography was described in Reference 54. 

The MI criterion is also employed for registering multimodal medical images. MI is a concept mea-
suring statistical dependence between two random variables or the amount of information that one
variable contains about the other. The MI registration criterion, proposed in Reference 31, states that
the MI of the image intensity values of corresponding voxel pairs is maximized if the images are geo-
metrically aligned according to the following equation:

(19.7)

where P(x) is the probability of an image pixel having value equal to x and P(x, y) is the double histogram
of the two registered images, defined as the probability of a pixel (i, j) having value of y in image B, given
that the same pixel has a value of x in image A, according to the following equation: 

19.2.2.3 Determination of the Transformation Parameters Using Global 
Optimization Techniques

The determination of the transformation parameters strongly depends on the objective function, as well
as on the medical images to be registered. In the case of matching pairs of internal landmarks, the
parameters may be calculated using a closed form solution based on the Singular Value Decomposition
method, assuming that the number of landmarks is sufficient. Furthermore, the search-based methods
provide an alternative, based on the optimization of an MOM between the reference and the transformed
images, with respect to the transformation parameters. If the MOM is well behaved (is continuous and
has only one extreme), simple gradient-based methods (steepest descent, conjugate gradient method13)
or the Downhill Simplex method55 may suffice. 
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However, if the MOM has multiple extremes, presents discontinuities, or cannot be expressed analyt-
ically, as in the case of common clinical images, brute force-based exhaustive search is a method that
guarantees successful determination of the parameters. An exhaustive search in the case of an affine
transformation model was proposed in order to register remote sensing images, assuming that some of
the unknown parameters could be estimated one at a time, in a serial manner, thus converting the
multidimensional search into a sequence of optimization problems of lower dimensionality.56 Under this
assumption, the authors were forced to narrow the range of the parameters in order to accelerate the
execution of the program. However, in cases of non-trivial transformations with many independent
parameters, an exhaustive search is not possible.

The most attractive solution for search methods using non-trivial transformations is based on
global optimization techniques. This work considers the use of two global optimization techniques,
simulated annealing (SA)57 and genetic algorithms (GAs).58 The transformation models employed in
the case of 2-D medical images introduce 6, 8, and 9 independent parameters (corresponding to the
affine, bilinear, and projective transformation models, respectively), whereas in the 3-D case the
transformation models employed require up to 24 independent parameters, corresponding to the
bilinear transformation, defined over a wide range of values to achieve robustness. This fact, combined
with the presence of multiple local extremes of the objective function, necessitates the use of global
optimization techniques.

19.2.2.3.1 Simulated Annealing (SA)
SA presents an optimization technique that can process cost functions with arbitrary degrees of non-
linearities and arbitrary boundary conditions. SA has been successfully applied to image processing,59

molecular biology,60 biological signal processing,61 neural network training,62 etc.
A function of a system’s state, , described by the vector , is minimized

(respectively maximized) using a process called annealing. The system searches for optimal values of the
function , while adding to the function a noise component whose magnitude is a descending function
of time. For every minimization problem, a quantity T, known as “temperature,” is defined as a descending
function of time k, and the function T(k) is called the annealing schedule. A standard definition of the
annealing schedule is the following:37,38

(19.8)

where k is a time index and T0 is a starting value large enough to cover the search space. An initial guess,
, is made for the set of the unknown parameters, and the function  is evaluated. The  is then

modified by  and  is reevaluated. The temperature T affects the system, since  is affected by
the T. 

Faster annealing schemes, such as the following, have been shown to behave optimally in several cases.63

• Very fast SA (VFSA), where

(19.9)

• Exponential SA (ESA), where 

(19.10)

In the case of a multidimensional cost function, a different temperature T could be assigned to each
of the independent parameters of the transformation model used. This type of SA is called adaptive
simulated annealing (ASA).64 
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19.2.2.3.2 Genetic Algorithms (GAs)
GAs are global optimization methods inspired by Darwinian evolution.58 The method starts by creating
a population of random solutions of the optimization problem. A solution to the problem usually consists
of the values of the independent parameters of the function to be optimized; this function is called the
objective function. These values often are converted to binary and concatenated to a single string, called
chromosome or individual, although real encoding is also used. The method treats each individual as an
organism to which it assigns a measure of fitness or ability to survive. Each individual’s fitness is estimated
by the value of the objective function calculated over the values of the parameters that are stored in the
individual. Using the axiom of survival of the fittest, pairs of fit individuals are selected to recombine their
encoded parameters to produce offspring. The most basic genetic operators that act on the individuals
are crossover and mutation, although a number of others have been proposed.58 In this way, a new
generation of solutions is produced that replaces the previous one. The selection pressure will direct the
evolution of the population toward fitter states, which is equivalent to optimizing the objective function.
This process is formulated in pseudocode as follows:

initialize the first generation of n individuals randomly

while (termination_condition is false) 

{

calculate the objective function of the n individuals

select N/2 pairs of individuals

apply crossover and mutation operator to produce offspring

replace the current generation by the n offspring

}

The convergence theorem for GAs can be expressed as the following. Researchers introduced the
concept of schema to mathematically formalize GAs. In the case of binary encoding of the unknown
parameters, a schema is a binary string with some of the 0s and 1s replaced by wild characters (*). A
schema is thought of as a hyperplane of the problem’s parameter space. A schema is contained into a
chromosome if it can be produced by replacing 0s and 1s of the chromosome by *s. When decoding and
evaluating a chromosome a large number of schemata are sampled at the same time — a phenomenon
called implicit parallelism. GAs achieve function optimization since the selection operator statistically
ensures that building blocks (low order schemata with small number of non-*s), which appear in fit
chromosomes, propagate through generations. If the fitness f of a given schema H is greater than the
average fitness  of the current population, then the number of chromosomes containing this schema
in the next generation m(H, t + 1) is expected to be greater than the number of chromosomes containing
the schema in the current generation m(H, t):

(19.11)

where δ(H) and L(H) and o(H) are schema-related quantities and pc, pmut are the probabilities for crossover
and mutation. Toward the end of the search, when the population is enriched with building blocks, the
crossover operator combines them to produce solutions of the optimization problem.

19.2.3 Medical Image Registration Refinement Using Elastic Deformation

A refinement of the aforementioned generic medical image registration scheme will be extensively
presented by applying sequentially an elastic deformation method based on the Thin Plate Splines (TPS)
deformation model. Elastic matching based on TPS deformation is considered an important method

f

m H t 1+,( ) m H t,( )f H( )
f

----------- 1 pc–
δ H( )
L 1–
------------ o H( )pmut– …– 

 ≥
©2001 CRC Press LLC



toward accurate automatic registration of medical images. It assumes that one of the images is made of
an elastic material, while the other image serves as a reference. A number of pairs of corresponding points
are defined between the two images. The method of TPS deformation assumes a mathematical function
that transforms the one image with respect to the reference. This function has known values only at the
corresponding points (the displacement vectors between the pairs of the corresponding points) and,
therefore, requires interpolation for each voxel of the transformed image. These pairs of corresponding
points are often referred to as “interpolant” points. The interpolation produces a displacement field
defined for every voxel of the transformed image, achieving a match between the interpolant points. The
overall elastic deformation can be controlled by a bending factor, thus resulting in a trade-off between
exact interpolant point matching and the degree of image warping. Application of this approach in 2-D
medical image registration can be found in References 11 and 65. These applications are considered as
manual registrations, since the interpolant points are defined by user intervention. Techniques that
perform automatic selection of interpolant points belong to the realm of automatic registration.

The proposed deformation model uses the points of the external surfaces of the image data as inter-
polant points. The correspondence between the interpolant points of the two surfaces is performed
automatically using a Kohonen neural network. TPS interpolation is subsequently employed for elastic
warping of the image volume using the correspondence between the interpolant points.

19.2.3.1 Self Organizing Maps (SOMs): An Overview

The Self-Organizing Map (SOM) is a neural network algorithm that uses a competitive learning technique
to train itself in an unsupervised manner. Kohonen first established the relevant theory and explored
possible applications.66 The Kohonen model comprises a layer of neurons m, usually one or two dimen-
sional, each neuron of which is connected to each input vector (data point)  with a weight vector

. Each time a data point is input into the network, only the neuron j, whose weight vector
resembles most the input vector, is selected to fire, according to the following rule:

(19.12)

The firing neuron j and its neighboring neurons i have their weight vectors  modified according to
the following rule:

(19.13)

where hij(t) =  is a kernel defined on the neural network space as a function of the distance
 between the firing neuron j and its neighboring neurons i, as well as the time, defined as the

number of iterations t. This kernel has the approximate shape of the “Mexican hat” function, which in its
discrete form has maximum value at interneuron distance in the case of i = j, whereas its value drops in a
Gaussian manner as the distance increases. The width of this function decreases monotonically with time t.
In this way, convergence to the global optimum is attempted during the early phases of the self-training
process, whereas gradually the convergence becomes more local as the size of the kernel decreases. Each time
a new signal is fed into the network, the neurons compete and the one with the weight vector closest to the
signal, according to Equation 19.12, is selected to fire. The firing neuron adjusts its weight vector so that it
better matches the incoming signal. Its neighboring neurons modify their weight vectors so they also resemble
the input signal, but less strongly, depending on their distance from the winner. This learning mechanism is
completely defined by the hij(t) kernel, as described earlier. The previous process achieves spatial coherence
within the network of neurons as far as the input signal is concerned. This property is equivalent to clustering,
since after self-training the neurons form clusters which reflect the input signal (data points).

19.2.3.2 Surface Matching Based on the Kohonen Model 

The 3-D elastic deformation method is comprised of the following steps:
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1. Surface Triangulation Based on Kohonen Model
The size of a rectangular grid of neurons is set to a desirable value, and their weight vectors are initialized
to the coordinates of the points of a surface, which is homeomorphic to the surface to be triangulated.
Usually, for closed objects, convex or concave with no holes, the initializing shape is a sphere centered
on the object’s center of mass. First the network triangulates the surface, which is to be deformed, as
described in References 67 to 69. After the process of triangulation, the weighting vectors of the initialized
neurons have such values so that the corresponding wire frame closely follows the surface to be deformed.
A similar approach is applied for the reference surface. 

2. Automatic Definition of Corresponding Points
The search for corresponding points is based on the concept of replicating the topology of the triangulated
surface S1 on the input layer of a Kohonen neural network model. One neuron is assigned to each node
of the triangulated surface. The connections between the neurons are identical with the connections of
the wire frame (lattice) of the triangulated surface. No connection between two neurons is allowed if the
two corresponding nodes are not directly connected on the triangulated surface. The initial weight vector
of the neurons, according to Equation 19.13, is the Cartesian coordinates of the corresponding wire frame
nodes in the 3-D space, , as described in the previous step. Note that the traditional configuration
of the neuron layer is a 2-D orthogonal grid consisting of N1xN2 neurons, where each neuron is connected
to a constant number of neurons. 

The training of the network is performed by presenting the network with the coordinates of randomly
selected points sampled from the reference surface, S2. The kernel that controls the learning rate of the
network is defined as follows. The spatial part consists of a Gaussian function of the Euclidean distance
drq = ||r – q|| between the winner neuron r and the neighboring one q. This kernel is formulated as follows:

(19.14)

where εi and εf are positive initial and final parameters defined experimentally and tmax corresponds to
the maximum number of iterations. The standard deviation σ(t) of the Gaussian is defined as σ(t) =

, where σi and σf are the initial and final values of σ(t). 
The lateral interactions between the winning and the neighboring neurons are confined to a 3 × 3

region of neurons throughout the network training. The definition of the distance function drq between
the two neurons r and q is defined as Manhatan distance (the sum of the absolute differences of the
neuron coordinates) within the 3 × 3 neuron neighborhood. To ensure that the deformed surface,
produced by the weight vectors of the Kohonen neural network, is closed at the boundary neurons of
the orthogonal grid, it is essential that these neurons interact with each other. Therefore, the definition
of a 3 × 3 neighborhood around a boundary neuron is modified so that it includes neurons, which are
symmetrical to the winning one with respect to the middle grid axis. 

The convergence of the Kohonen neural network results in a deformed surface (S′1). Each node
of surface S′1 corresponds to a neuron of the Kohonen network, whose initial weighting vector (x0,
y0, z0) equals the initial Cartesian coordinates of this node. In the deformed surface, this node is
displaced to new coordinates, equal to the final weighting vector (x1, y1, z1). The new position always
coincides with a node of the reference surface, S2. The points (x0, y0, z0) and (x1, y1, z1) constitute
a pair of interpolant points. Thus, the Kohonen neural network model discovers the correspondence
between a number of pairs of interpolant points lying on the two surfaces equal to the total number
of neurons of the network (typically a few thousands). Figure 19.2 demonstrates schematically the
process of establishing the corresponding points, based on the Kohonen neural network, for the
CT-MR surfaces. Figure 19.2a shows a random point correspondence, defined by the initial weight
vectors, whereas in Figure 19.2b the correct point correspondence is obtained after the Kohonen
neural network training. 
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3. The 3-D Thin Plate Splines Warping
The elastic deformation of a 3-D deformed image with respect to the corresponding reference image is
based on the calculation of a displacement field (DF) function, defined over the volume image, which
will be deformed. A DF is a 3-D vector function which assigns a spatial displacement, , to each of the
MR image voxels (x, y, z):

(19.15)

The value of the DF function is known for each position  of the points of the wire frame (interpolant
points) of the skin surface of the deformed image prior to deformation. The coordinates of the interpolant
points coincide with the initial weighting vector of the neurons of the Kohonen network. The value of
the DF function is defined according to the following equation:

(19.16)

where  is the final value of the weighting vector of the (i, j) neuron calculated by the Kohonen network.
The problem of 3-D image registration is equivalent to calculating the DF function for every voxel of
the image prior to deformation. The calculation of the DF, as a function of spatial position, given its
value at specific positions, indicates a problem of multivariate interpolation. Assuming the TPS interpo-
lation method, the value of the displacement field at any position  of the deformed image
volume is given by

(19.17)

where g:R + → R  is a univariate function, m is a dummy variable defined as m = m(i, j) = (j – 1)N1 + i,
and  is a first-degree polynomial which is added because pure radial sums
cannot realize the affine transformation. , with n = 0, 1, 2, 3 and  are
the function parameters to be estimated. The definition of Equation 19.17 has been proven to be an
effective tool for the problem of multivariate interpolation.65 The coefficients  and  are calculated

FIGURE 19.2 Correspondence of interpolant points of two surfaces (e.g., CT-MR skin surfaces) using the Kohonen
neural network: (a) before training and (b) after Kohonen network convergence.
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by solving the three systems of linear equations (one for each Cartesian axis) of size (M + 4) × (M + 4),
where M = N1 × N2:

GA = DF (19.18)

where  and 

(19.18a)

where gmn = g , with i, k = 1, …, N1; j, l = 1, …, N2; and m, n = 1, …, M. The index m of the
element of the G matrix and the indexes i, j of the interpolant points are connected as in the following:

 and (19.18b)

where mod and div are the functions returning the modulus and the integer part of the division of two
real numbers. Similar relationships hold for the index n with k and l indexes. The triplet (xm, ym, zm),
m = 1, …, M are the Euclidean coordinates of the interpolant point , where the indexes i and j are
calculated according to Equation 19.18b.

Finally, DF = (DF1, DF2, …, DFM, 0, 0, 0, 0)T and DFm = , where the indexes i, j, and m are
connected according to Equation 19.18b.

Several approaches have been reported in the literature for the g function, for which the three linear
systems of Equation 19.18 have a unique solution.65 The shifted log function is selected as the g function
according to the following equation:

 for  (shifted log) (19.19)

The DF function can be defined according to Equation 19.17 for each dimension as follows: 

(19.20)
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where m = m(i, j) = (j – 1)N1 + i.
In References 11 and 57, for any transform T:R 3 → R 3, the quantity

(19.24)

is a measure of the total spatial bending, where the double subscripts denote double partial derivatives.
Bookstein11 and Arad et al.65 introduced a bending factor λ, which balances the requirement for exact
matching of the interpolant points, whereas the total spatial bending, J(DFx) + J(DFy) + J(DFz), is minimal.
The introduction of the bending factor λ requires the G matrix (Equation 19.18) to be redefined so that
the M first main diagonal elements of matrix G are set to λ: gmm = λ, m = 1, …, M.

When the bending factor is zero, λ = 0, the calculated DF results in an exact match of the interpolant
points at the expense of a possibly high total spatial bending measurement, J(DF), according to Equation
19.24, of the image space (pure TPS interpolation). When λ approaches positive infinity, the sum of
square distances between actual and calculated positions of the interpolant points is minimized, while
the total spatial bending measurement, J(DF), is kept below a threshold value which depends on λ, or,
equivalently, the geometric transformation approaches the affine one. The value of the bending factor λ
is estimated by visual inspection of the deformed image. Figure 19.3 confirms these arguments for a
synthetic grid image containing six (6) interpolant points (crossed bullets in the figure). Four interpolant

FIGURE 19.3 Effect of the bending factor λ on image warping. (a) The synthetic grid image showing the initial
(marked with “x”) and final positions of the interpolant points; (b) for λ = 0.0001 (pure TPS Interpolation); (c) λ
= 0.001; (d) λ = 0.1 (affine transformation approximation).
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points remain fixed, whereas the other two interpolant points move to the opposite direction, as shown
in Figure 19.3a. The warped images are shown in Figures 19.3b to 19.3d for increasing values of the
bending factor λ corresponding from the pure TPS interpolation method (Figure 19.3a) to the affine
transformation approximation (Figure 19.3d). 

19.2.4 Application of Medical Image Registration

19.2.4.1 2-D Case: Automatic Retinal Image Registration

Ophthalmologists commonly compare red-free (RF) retinal images, which are reference images taken
without intravenous injection of a dye while illuminating the retina with a green light, with the corre-
sponding fluoroscein angiography (FA) or indocyanine green chorioangiography (ICG) image of the
patient acquired at different times. This task presents great difficulty due to the misalignment of the
retinal images caused by the geometry during the acquisition at different times and to possible progression
of various diseases. The relative study of retinal images enhances the information on the reference RF
images by superimposing useful information contained in FA or ICG retinal images, and it is considered
an important step toward a carefully directed laser treatment, a process that is commonly used in the
clinical practice.

A fundus camera is the instrument for acquiring FA and ICG retinal images. In the case of retinal
images, the objects of interest are the retinal vessels: arteries and veins. In Reference 70, it was shown
that the registration algorithm operates more efficiently if the vessels are segmented, using at least a crude
segmentation. Therefore, image preprocessing is required prior to registration. The preprocessing involves
two main processes: (1) vessel enhancement and border suppression and (2) vessel detection. These
processes are performed on all retinal images with the addition of an inversion procedure applied only
to the RF images in order to emulate the appearance of FA and ICG images. A MOM corresponding to
the correlation function was employed to quantify the spatial matching between the reference and the
transformed image. A comparative study of the three transformation models (affine, bilinear, and pro-
jective) in conjunction with the two global optimization techniques (SA and GAs), as well as the Downhill
Simplex method (DSM) as a widely applied local optimization technique, was performed on 26 retinal
image pairs.70 In Figure 19.4a, the two global optimization methods, SA and GAs, and the DSM, using
the bilinear transformation, are compared by plotting the values of the MOM against the number of
function evaluations for a retinal pair. In Figure 19.4b, the three transformation models, affine, bilinear,
and projective, using the GAs, are also compared by plotting the MOM against the number of function
evaluations. The MOM is averaged for ten different program executions. It becomes evident from Figure
19.4a that although the DSM converges very fast (e.g., typically in 300 function evaluations), it was
usually trapped in local maxima, failing to locate the global one. It can also be observed that the GAs
performed better than the SA with a significantly higher convergence rate. The convergence to the optimal
value of the objective function, using the GAs, was achieved for a fewer number of function evaluations
than the SA, which required the total number of function evaluations to approximate the optimal value.
Furthermore, the superiority of the affine and bilinear transformations in Figure 19.4b is evident for the
retinal image pair, both in terms of numerical performance and convergence rate.   

Retinal registration results can be seen in Figure 19.5. Regions of interest (ROI) from the FL and ICG
images, as rectangular areas, are superimposed on the corresponding RF images and the results are shown
in Figures 19.5a and 19.5b, respectively. The accuracy of the registration is evident by the continuity of
the retinal vessels along the borders of the superimposed ROI. The automatic registration scheme (GAs
with bilinear transformation) was also applied on a pathologic pair of RF and FL images. Figures 19.5c
and 19.5d show the registered FL image of the patient with three boundaries traced by the expert: one
corresponding to the fovea (best fitting ellipse) and the other two to the areas of the abnormality (free
drawings). These boundaries are easily identified only in the FL image and are of extreme importance
in directing the laser treatment procedure. Also, the proposed methodology was also compared with the
manual method using the affine transformation, confirming the advantage of the automatic method in
terms of accuracy and consistency against the manual one.
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19.2.4.2 3-D Case: Automatic CT-MRI Registration

X-ray CT and MR brain images were acquired from seven patients (seven pairs of data) at the Strahlen-
klinik of the Stadtische Kliniken Offenbach in Germany. The CT images were acquired using a Siemens
Somatom Plus scanner. Each CT slice contained 256 × 256 pixels, using 12 bits per pixel, with no interslice
spacing or slice overlap for all CT data sets. The T1-weighted MR images were acquired using a Siemens
SP 1.5-Tesla scanner. Each MR slice contained 256 × 256 pixels, using 8 bits per pixel, with constant
interslice spacing for each MR data set. 

In the case of the pair of CT and MR brain images, a match had been achieved between the skin
CT and MR surfaces. The preprocessing step involved the removal of the background noise and the
extraction and triangulation of the skin surfaces of the CT and MR images using a modified Marching
Cubes algorithm.71 A coarse registration was then performed by translating the points of the MR
surface so that their center of mass coincided with CT surface’s center of mass and by scaling the

FIGURE 19.4 Performance of the automatic registration technique for a retinal image pair: (a) GAs (continuous
line) vs. SA (dotted line) vs. DSM (dashed line) in conjunction with the bilinear transformation model; and (b)
performance of the three transformation models (affine [AFF, dotted line] vs. bilinear [BIL, continuous line] vs.
projective [PRO, dashed line]) with GAs.
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MR surface points coordinates to compensate for the difference of voxel size between the two
modalities. The final step of the preprocessing consisted of the production of the distance map from
the CT surface, DM(CT). The distance map is a discrete space in which each voxel holds a value
equal to its Euclidean distance from the closest node of the CT skin surface.14 The distance map
accelerates the process of matching two surfaces consisting of N nodes each, since it reduces the
problem’s complexity from O(N2) to O(N). After preprocessing of the CT and MR data, the regis-
tration proceeded as an optimization of the function of MOM over the parameters of the selected
geometric transformation model. The MOM was defined as the average Euclidean distance between
the CT and MR skin surfaces.72 

FIGURE 19.5 Accuracy of the automatic registration: (a) superposition of an area of the registered FL image on the
corresponding RF image; (b) superposition of an area of the registered ICG image on the corresponding RF image;
(c) a registered pathological FL image with three boundaries traced by an expert; and (d) superposition of the
boundaries on the corresponding RF image.
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Three registration methods had been assessed: (1) as the surface-based method, GAs in conjunction with
the affine transformation; (2) as the automatic registration method, GAs and affine combined with the
proposed elastic deformation method (TPS model), also called the elastic registration refinement method;
and (3) as a manual method, the affine transformation in conjunction with a number of markers.72 The
accuracy of the medical registration methods is visually demonstrated in Figure 19.6, where CT skull
contours are superimposed on magnified areas of the corresponding MR transverse sections for two CT-
MR image pairs (Figures 19.6a and 19.6b). The application of the GAs-affine method and the application
of the affine-based manual method result in slight inaccuracies in the placement of the CT skull contours,
which often invade the brain, and the zygomatic bone at the vicinity of the eye, and also fail to locate
accurately the superior sagittal sinus. These inaccuracies were corrected by the combination of the GAs-
affine method and the elastic registration refinement method described in the above section. 

The performance of two automatic registration methods against the manual one, in terms of the
MOM, is quantitatively assessed for all CT-MR image pairs, as shown in Figure 19.7. The averaged skin
surface distance (MOM) for the seven pairs of CT and MR brain data was obtained, in millimeters, and
the values of MOM for both automatic registration methods were averaged over ten independent exe-
cutions for all image pairs to compensate for the stochastic (randomized) nature of the optimization
method, whereas for the manual method, the values of MOM were averaged over three trials for each
pair. It can be observed from Figure 19.7 that the values of the surface distance of the elastic registration
refinement method were systematically lower than those of the other automatic registration method
when using the affine transformation with GAs only. These results clearly show a definite registration
refinement for all pairs of CT-MR data, due to the application of the elastic deformation method.
Furthermore, it can be observed that the manual registration method based on the affine transformation
performed significantly worse than the two automatic methods. It is also evident that the performance
of the manual method was strongly influenced by the number of markers placed. 

FIGURE 19.6 Magnified areas of the CT bone contours (outer and inner) superimposed on the corresponding MR
slice for two image pairs (a and b). The three images on each row, from left to right, correspond to the automatic
elastic refinement method, the GAs in conjunction with the affine transformation surface-based method, and the
affine-based manual method.
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19.3 Medical Image Fusion 

Imaging the same parts of human anatomy with the different modalities, or with the same modality at
different times, provides the expert with a great amount of information which must be combined in
order to become diagnostically useful. Medical image fusion is a process that combines information from
different images and displays it to the expert so that its diagnostic value is maximized.

Although much attention has been drawn to the process of medical image registration, medical image
fusion, as a prerequisite of the process for image registration, is not extensively explored in the literature,
mainly because it is considered a straightforward step. A generic approach of the medical image fusion
can be seen in Figure 19.8, where all the necessary steps are highlighted. 

In this section, the concept of the medical image fusion process, as well as the most representative
techniques reported, will be revised and broadened to include several methods to combine diagnostic
information.

19.3.1 Fusion at the Image Level

19.3.1.1 Fusion Using Logical Operators

This technique of fusing information from two images can be twofold. The reference image, which is
not processed, accommodates a segmented region of interest from the second registered image. The
simplest way to combine information from the two images is by using a logical operator, such as the
XOR operator, according to the following equation:

(19.25)

where M(x, y) is a Boolean mask that marks with 1s every pixel, which is copied from image B to the
fused image I(x, y).

Moreover, in certain cases, it is desirable to simply delineate the outline of the object of interest from
the registered image and to position it in the coordinate system of the reference image. An example of this
technique is the extraction of the boundary of an object of interest, such as a tumor from a MR image
and the overlay on the coordinate system of the registered CT image of the same patient. Figure 19.9

FIGURE 19.7 Performance of (a) the automatic elastic-based refinement method, (b) the automatic GAs with affine
surface-based method, and (c) the affine-based manual method, in terms of surface distance (MOM), in millimeters,
for all CT and MR image pairs.
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demonstrates the fusion technique using the logical operators on the same patient data, where CT infor-
mation (bone structures) is superimposed on two registered MR transverse slices. 

19.3.1.2 Fusion Using a Pseudocolor Map

According to this fusion technique, the registered image is rendered using a pseudocolor scale and is
transparently overlaid on the reference image.73 There are a number of pseudocolor maps available, defined
algorithmically or by using psychophysiologic criteria. A pseudocolor map is defined as a correspondence
of an (R, G, B) triplet to each distinct pixel value. Usually, the pixel value ranges from 0 to 255, and each
of the elements of the triplet varies in the same range, thus producing a true color effect. The color map is
called “pseudo” because only one value is acquired for each pixel during the acquisition of the image data.

FIGURE 19.8 Generic medical image fusion scheme.

FIGURE 19.9 Fused images using the XOR operator: CT information (bone structures) (a) and (b) superimposed
on two registered MR transverse slices.
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Two of the pseudocolor maps that are defined by psychophysiologic criteria are the geographic color
map and the hot body color map. The (R, G, B) triplet values are defined as a function of the original
pixel value according to the following equation:

(R, G, B) = (R(pixel_value), G(pixel_value), B(pixel_value)) (19.26)

The RGB Cube color map is a positional color map, which maps the original values to a set of colors
that are determined by traversing the following edges of a cube:

B(0, 0, 1) → (1, 0, 1) → R(1, 0, 0) → (1, 1, 0) → G(0, 1, 0) → (0, 1, 1) → B(0, 0, 1) (19.27)

This configuration sets up six color ranges, each of which has N/6 steps, where N is the number of colors
(distinct pixel values) of the initial image. If N is not a factor of 6, the difference is made up at the sixth range.

The CIE Diagram color map follows the same philosophy, thus traversing a triangle on the RGB Cube
in the following manner:

R(1, 0, 0) → G(0, 1, 0) → B(0, 0, 1) (19.28)

Another useful color map for biomedical images is the Gray Code. This color map is constructed by
a three-bit gray code, where each successive value differs by a single bit. A number of additional color
maps, such as HSV Rings and Rainbow, are constructed by manipulating the color in the HSV coordinate
system (Hue/Saturation/Value coordinate system). The conversion from HSV to RGB is straightforward
and well documented in the literature. Figure 19.10 demonstrates the fusion using the RGB Cube
pseudocolor map of a SPECT image on the corresponding CT image of the same patient. 

19.3.1.3 Clustering Algorithms for Unsupervised Fusion of Registered Images

Fusion of information on the image level can be achieved by processing both registered images in order
to produce a fused image with an appropriate pixel classification. The key quantity in this technique is
the double histogram P(x, y) of the two registered images, which is defined as the probability of a pixel
(i, j) having a value of y in image B, given that the same pixel has a value of x in image A:

P(x, y) = P(IB(i, j) = y|IA(i, j) = x) (19.29)

This quantity is very closely related to the entropy of the two images and can be very useful for effective
tissue classification/segmentation, since it utilizes information from both (registered) images rather than
one. The concept of the double histogram can be generalized in the R n space fusing n registered images.
Dynamic studies from single photon emission CT (SPECT) are examples of such cases. In this general
case, the n-dimensional histogram is defined as follows:

FIGURE 19.10 Fused image using the RGB Cube pseudocolor map: (a) reference CT image, (b) registered SPECT
image in pseudocolor, and (c) fusion result.
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Hn(v1, v2, …, vn) = P(In(i, j) = y|I1(i, j) = v1; I2(i, j) = v2; …; In – 1(i, j) = vn – 1) (19.30)

Fusing the registered images to produce an enhanced or segmented/classified image becomes
equivalent to partitioning the n-dimensional histogram to a desired number of classes using a
clustering algorithm.

The goal of clustering is to reduce the amount of data by categorizing similar data items together.
Such grouping is pervasive in the way humans process information. Clustering is hoped to provide an
automatic tool for constricting categories in data feature space. Clustering algorithms can be divided
into two basic types: hierarchical and partitional.74 Hierarchical algorithms are initialized by a random
definition of clusters and evolve by splitting large inhomogeneous clusters or merging small similar
clusters. Partitional algorithms attempt to directly decompose the data into a set of disjoint clusters by
minimizing a measure of dissimilarity between data points in the same clusters, while maximizing
dissimilarity between data points in different clusters.

19.3.1.3.1 The K-Means Algorithm
The K-means algorithm is a partitional clustering algorithm, which is used to distribute points in feature
space among a predefined number of classes.75 An implementation of the algorithm applied in pseudocode
can be summarized as follows:

Initialize the centroids of the classes, i = 1, …, k at random (0)

t = 0

repeat

for the centroids (t) of all classes 

locate the data points whose Euclidean distance from mi is minimal

set (t + 1) equal to the new center of mass of xi, (t + 1) = 

t = t + 1

until(| (t – 1 – (t)| ≤ error, for all classes i)

This algorithm is applied to the n-dimensional histogram of the images to be fused, as defined in
Equation 19.30. The centroids of the classes are selected randomly in the n-dimensional histogram, and
the algorithm evolves by moving the position of the centroids so that the following quantity is minimized:

(19.31)

where j is the number of data points index and  is the class centroid closest to data point . The
above algorithm could be employed to utilize information from pairs of images, such as CT, SPECT,
MRI-T1, MRI-T2, and functional MRI, to achieve tissue classification and fusion. For tissue classification,
nine different classes are usually sufficient, corresponding to background, cerebrospinal fluid, gray and
white matter, bone material, abnormalities, etc. If fusion is required, then 64 or more classes could be
defined, providing enhancement of the fine details of the original images. In Figure 19.11, a fused image
using the K-means algorithm for different classes of tissue is produced by fusing CT and MR images of
the same patient. 

19.3.1.3.2 The Fuzzy K-Means Algorithm
The Fuzzy K-means algorithm (FKM) is a variation of the K-means algorithm, with the introduction of
fuzziness in the form of a membership function. The membership function defines the probability with
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which each image pixel belongs to a specific class. It is also applied on the n-dimensional histogram of
the images to be fused, as in the previous method. The FKM algorithm and its variations have been
employed in several types of pattern recognition problems.75,76 

If a number of n unlabeled data points is assumed, which have to be distributed over k clusters, a
membership function u can be defined, such that

(19.32)

where 1 ≤ j ≤ k is an integer corresponding to a cluster. The membership function assigns to a data point
x a positive, less than or equal to one, probability ujx, which indicates that point x belongs to class j. To
meet computational requirements, the membership function is implemented as a 2-D matrix, where first
index indicates the cluster and the second index indicates the value of the data point. If the membership
function is to express mathematical probability, the following constraint applies:

(19.33)

The FKM algorithm evolves by minimizing the following quantity:

(19.34)

where the exponential p is a real number greater than 1 and controls the fuzziness of the clustering
process. The FKM algorithm can be described in pseudocode as follows:

t = 0

initialize the matrix u randomly

repeat

calculate the cluster centroid using the formula: 

FIGURE 19.11Fused image using the K-means algorithm for different classes of tissue: (a) reference CT image, (b)
registered MRI image of the same patient, and (c) fusion result.
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calculate the new values for u: 

t = t + 1

until (| (t – 1) – (t)| ≤ error or | (t – 1) – uij(t)| ≤ error)

19.3.1.3.3 Self Organizing Maps (SOMs)
The SOM is a neural network algorithm which uses a competitive learning technique to train itself in
an unsupervised manner. A comprehensive overview can be found in Section 19.2.3.1. According to
Reference 66, the Kohonen model comprises a layer of neurons m, usually one dimensional (1-D) or 2-
D. The size of the network is defined by the purpose of the fusion operation. If it is desirable to simply
fuse information to enhance fine detail visibility, a large number of neurons are required, typically 8 ×
8 to 16 × 16. If it is known a priori that a small number of tissue classes exist within the images, then
the number of neurons of the network is set equal to the number of classes. The resulting image is a
segmented image, which classifies each pixel to one of these classes. A number up to 9 is commonly the
most meaningful choice in this case. Each neuron is connected to the input vector (data point) 
with a weight vector . In the case of image fusion, the input signal has a dimensionality equal
to the number of images to be fused, whereas the signal itself is comprised of the values of the images
at a random pixel (i, j):

(19.35)

It becomes obvious that the proposed method can fuse an arbitrary number of images (assuming that
registration has been performed for all of the images). However, the commonest used case is for n = 2.

The above process achieves spatial coherence within the network of neurons as far as the input signal
is concerned. This property is equivalent to clustering, since after self-training the neurons form clusters
which reflect the input signal (data points). Figure 19.12 shows two fused images by applying the SOM
algorithm on the same patient data imaged by a Gatholinium (Gd)-enhanced MRI (Figure 19.12a) and
MRI-T2 (Figure 19.12c). The upper right fused image (Figure 19.12b) is obtained using 256 classes,
whereas the lower right image (Figure 19.12d) is classified using 9 classes. 

19.3.1.4 Fusion to Create Parametric Images

It is often necessary to fuse information from a series of images of a dynamic study to classify tissues
according to a specific parameter. The result of the fusion process is the creation of a parametric image,
which visualizes pixel by pixel the value of the diagnostically useful parameter.77 The required classification
is performed by thresholding the parametric image at an appropriate level.

A typical example of this process is the gated blood pool imaging performed for the clinical assessment
of the ventricular function. A sequence of images — typically 16 per cardiac cycle — is acquired of the
cardiac chamber of interest, which usually is the left ventricle. The assessment of ventricular function is
performed by producing parametric images, visualizing several critical parameters:

• The amplitude image measures the change of volume as function of time at a pixel by pixel basis,
calculating the ejection fraction (EF) for every pixel in the sequence of images.

• The phase image visualizes the synchronization of cardiac contraction at a pixel by pixel basis.

The first parameter is valuable in assessing dyskinetic cardiac tissue due to infarcts, whereas the second
parameter is a strong indication of fatal conditions such as fibrillation. Both images are calculated by
means of Fourier analysis, using only the first few harmonics. In this way, information of a large number
of images is fused into a single parametric image, thus enabling the expert to quantify clinical evaluation
beyond any qualitative inaccuracies.
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19.3.2 Fusion at the Object Level

Fusion at the object level involves the generation of either a spatio-temporal model or a 3-D textured
object of the required object. Segmentation and triangulation algorithms must be performed prior to
the fusion process. 

Fusion at the object level is demonstrated by fusing temporal information on the spatial domain. Four-
dimensional (4-D) MR cardiac images, such as gradient echo, are obtained, providing both anatomical
and functional information about the cardiac muscle.78 The left ventricle from each 3-D image, covering
the whole cardiac phase, is first segmented, and the produced endocardiac surface is then triangulated.
The radial displacement between the end-diastolic and end-systolic phase at each point of the triangulated
surface is mapped on the surface and coded as pseudocolor, thus producing a textured object (Figure
19.13) which visualizes information of myocardial wall motion during the entire cardiac cycle.79 

19.4 Conclusions

In this chapter, a comprehensive review of the most widely used techniques for automatic medical image
registration and medical image fusion has been presented. 

In terms of medical image registration, three main categories have been reported: the point-based
registration, usually rendered as manual, and the surface- and volume-based registrations, rendered as

FIGURE 19.12 Fused images by applying the SOM algorithm on the same patient data imaged by (a) Gd-enhanced
MRI and (c) MRI-T2. Fused image (b) is obtained using 256 classes, whereas image (d) is classified using 9 classes.
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automatic. A generic automatic registration scheme was then presented, which consisted of the selection
of the image features that were used during the matching process, the definition of a MOM that quantified
the spatial matching between the reference and the transformed image, and the application of an opti-
mization technique that determined the independent parameters of the transformation model employed
according to the MOM. The scheme formulates the problem of the medical image registration as an
optimization problem employing SA and GA as two global optimization techniques, in conjunction with
affine, bilinear, rigid, and projective transformation models. An elastic deformation model based on the
use of the Kohonen neural network and the application of an elastic 3-D image warping method, using
the TPS method, has been presented to capture local shape differences. This method may be applied
sequentially to any combination of transformations and optimization techniques highlighted in the
generic medical image registration scheme.

The aforementioned medical registration methods have been successfully applied on 2-D and 3-D
medical data. For the 2-D retinal registration, three optimization methods (DSM, SA, and GA) have been
evaluated in terms of accuracy and efficiency for retinal image registration. Results have been presented
in the form of evolution of the optimization with the number of function evaluations averaged over a
number of independent executions to compensate for the stochastic nature of the techniques. Results
have also been presented in the form of the best achieved registration, both numerically and visually, for
a sufficient number of data applied on three different retinal images: RF, FA, and IGC images. The
experimental results showed the superiority of GA as a global optimization process in conjunction with
the bilinear transformation model.

For the 3-D CT-MRI head registration, a global transformation to account for global misalignment
and an elastic deformation method to capture local shape differences have been proposed. Since the
registration is a surface-based method, it strongly depends on the initial segmentation step to obtain the
CT-MR surfaces. The external skin surface has been selected as the common anatomical structure in
both modalities for this specific application. The global transformation has been based on the novel
implementation of the affine transformation method in conjunction with the GAs, as a global optimi-
zation process. The proposed elastic deformation method has been applied sequentially to the global
transformation. Two novelties have been addressed through the application: (1) the introduction of the
Kohonen neural network model to define an automatic one-to-one point correspondence between the
transformed and the reference surfaces (the so-called interpolant points) and (2) the extended imple-
mentation of the TPS Interpolation method in three dimensions. The qualitative and the quantitative

FIGURE 19.13 Fusion at the object level: the end-diastolic (a) and end-systolic (b) phases captured from the animated
VRML files of a normal left ventricle. 
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results for all CT-MR image pairs show the advantageous performance of the proposed automatic
methods, in terms of surface distance (MOM), against the manual method.

Medical image fusion techniques have also been presented to increase diagnostic value from the
combination of information from medical images of different modalities. The fusion process is required
prior the application of a medical image registration scheme. Two main categories of the medical image
fusion have been addressed: fusion at the image level and fusion at the object level. The most representative
techniques of these categories have been revised and broadened throughout the chapter to include several
methods, although more extensive research toward medical image fusion is required.
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