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Chapter 9
State-of-the-Art Medical Image
Registration Methodologies: A Survey

Fahmi Khalifa, Garth M. Beache, Georgy Gimel’farb,
Jasjit S. Suri, and Ayman El-Baz

Abstract Almost all computer vision applications, from remote sensing and
cartography to medical imaging and biometrics, use image registration or alignment
techniques that establish spatial correspondence (one-to-one mapping) between two
or more images. These images depict either one planar (2-D) or volumetric (3-D)
scene or several such scenes and can be taken at different times, from various
viewpoints, and/or by multiple sensors. In medical image processing and analysis,
the image registration is instrumental for clinical diagnosis and therapy planning,
e.g., to follow disease progression and/or response to treatment, or integrate
information from different sources/modalities. to form more detailed descriptions
of anatomical objects-of-interest. The unified registration goal — aligning a 2-D or
3-D target (sensed) image with a reference image — is reached by specifying a
mathematical model of image transformations for and determining model para-
meters of the desired alignment. Frequently, the parameters provide an optimum of
a goal function supported by the parameter space, so that the registration reduces to
a certain optimization problem. This chapter overviews the 2-D and the 3-D
medical image registration with special reference to the state-of-the-art robust
techniques proposed for the last decade and discusses their advantages, drawbacks,
and practical implementations.
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9.1 Introduction

Image registration, sometimes called image alignment, mapping, or matching,
establishes one-to-one spatial correspondence between two or more images of a
single 2-D/3-D scene or several similar scenes captured (e.g., at different:time
instants, from various viewpoints, or by different sensors). This image processing
step is fundamental in a variety of applications including remote sensing and
cartography, autonomous navigation, robot vision, and medical imaging to mention
a few. It is a powerful tool for integrating or fusing image data collected from
different sensors (imaging modalities), tracking temporal evolution (changes in
images taken at different times), making interpatient comparisons, reconstructing
3-D (volumetric) images from multiple 2-D (planar) images, etc. When one image
is registered to another image, the latter is typically referred to as a reference, or
prototype image, and the former — to be mapped onto the reference image — is called
a target, sensed, source, or moving image.

Image registration in medical applications is instrumental for clinical diagnosis
and therapy planning: e.g., if serial magnetic resonance imaging (MRI) scans of a
particular patient, acquired over different time dintervals, are to be compared in
order to follow disease progression, response to treatment, or even dynamic struc-
tural change patterns of organ development [1]. Comparing the unregistered images
can lead to incorrect diagnostic conclusions. Computer-aided diagnosis (CAD)
systems use image registration to investigate how human anatomy is altering by
disease, age, gender, handedness, and other clinical or genetic factors. Data fusion
by registering images from various imaging sources (modalities), such as MRI,
functional MRI (fMRI), computed.tomography (CT), positron emission tomogra-
phy (PET), single photon emission.computed tomography (SPECT), and ultrasound
(US) imagers, allows radiologists to base conclusions on the maximum amount of
available information. Recently, image registration has opened up new medical
imaging applications, namely, perfusion imaging and image-guided surgery [2].

The medical image registration techniques undergo continuous development and
extensive research over the years and can be categorized according to various
inherent properties such as similarity criteria, mapping models, optimization tech-
niques, signal domains, image modalities, and so forth.

Similarity criteria in image registration are feature-based (also called geometric)
or area/volume-based (intensity-based or iconic). The former account for salient
points [3] or-distinctive objects, such as closed contours [4], corners [5], etc.,
identified.in an image. The correspondence between these features is established
by measuring similarity between their quantitative descriptors. The area/volume-
based criteria (e.g., [6, 7]) compare intensities (gray values), colors, or other pixel-
or voxel-wise signatures directly, without feature extraction. Common hybrid
registration techniques (e.g., [8—10]) combine advantages of both the classes.

Mapping or transformation models (functions) that establish spatial and signal
relationships between the reference and target image domains make up two broad
mapping classes: rigid (global) and elastic (nonrigid or local) transformations.
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Most popular global geometric transformations include similarity, affine,
perspective projection, and polynomial models. The affine transformations (e.g.,
[6, 11]) that account for translation, rotation, scaling, and skewness of a target
with respect to a reference are sufficient, if the deformations of depicted anato-
mical structures are negligible relative to the required registration accuracy.
However, the global mapping is unable to capture intrinsically local large
deformations of anatomical structures. Thus, frequently more flexible elastic
transformations (e.g., [12-25]) that locally warp a target to align-with a reference
image are needed. Most popular such transformations include radial basis func-
tions (RBF), physical continuum models (viscous fluids), and large deformation
models (diffeomorphisms).

Optimization techniques search for a local or global optimum of a cost (objec-
tive) function in the parameter space of the mapping model, the cost optimizer
performing the goal registration. Local optimization (see,‘e.g., [26, 27]) is simpler
than the global one but leads to accurate and robust registration only if the cost
function is continuous and unimodal, which rarely appears in image registration.
Otherwise, it converges to a close local optimum, causing misregistration unless
good initial parameter values could be found [28]. Global optimization attempts to
avoid local extrema that are common in many. similarity criteria used as objective
functions in medical image registration. Unfortunately, the global optimization
algorithms, if they exist, typically converge too slow to the desired optimum and
have too high computational loads. Some, popular global optimization methods,
e.g., genetic algorithm (GA) [29], simulated annealing (SA) [30], and particle
swarm optimization (PSO) [31], perform a controllable stochastic search in the
parameter space.

Spatial signal domain is used by a vast majority of image registration methods
that match intensity patterns [6, 7], features [3, 4], or structures [11]. Spatial
Fourier frequency domain (e.g., [32-45]) allows for a computationally more
efficient search for some geometric transformations of a target image with respect
to a reference image. In particular, a simple translation can be recovered in the
frequency domain by applying the fast Fourier transform to the images and using
phase correlation (PC) [33] or wavelet-based methods (e.g., [46]). More compli-
cated methods such as [38] are used for finding both the translation and rotation.
The advantage of the frequency domain is that the computed mapping parameters
are relatively stable under various image artifacts, and the rotation and scaling can
be determined independently of translation [47]. Typical spatial domain registration
methods determine the rotation, scaling, and translation parameters simultaneously,
often at the cost of their lower precision. However, a variety of transformations that
can betestimated in the frequency domain is very limited [48].

Many registration algorithms assume only a single image modality, i.e.,
sensors of the same type. The multimodality algorithms register images captured
by different imaging devices, typical examples include CT/MRI images [49],
PET/CT images for tumor localization [13], original and contrast-enhanced
CT images to segment-specific anatomic parts [S0], MRI/PET images [51], and
US/CT images [52].
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Many further ways of classifying the registration methods exist, e.g., by data
dimensionality (i.e., 2-D/2-D, 2-D/3-D, or 3-D/3-D registration), subjects involved
(i.e., intrasubject, intersubject, or atlas-based registration), computational loads,
and application areas (e.g., change detection or tumor monitoring). Due to diverse
applications, scenes, and objects, a generic registration technique (and in particular
a generic medical image registration technique) does not exist [3].

The medical image registration remains the challenging problem for many
reasons. Physical relationships between the target and reference images are
often difficult to model due to the highly nonrigid transformations involved.
Also, one-to-one correspondence between the images may not exist due to missing
or partial data. Furthermore, each imaging modality provides different informa-
tion about a scene and introduces its own unique challenges [53]. Moreover,
aligning images of different resolution with non-isotropic pixel or voxel dimen-
sions may lead to excessive distortions. In addition, the:depicted properties of the
same objects in multiple images may considerably differ (e.g., large intensity
differences for the same tissues, bones, fluids, or lesions). Finally, intrapatient,
interpatient, and atlas-to-patient registrations offer extra challenges, and so on.
Therefore, fast, robust, and efficient registration.techniques are still in need (see
e.g., comprehensive surveys [1, 2, 54-59] both in  general purpose [54, 59] and
medical image registration [1, 2, 55-58]) This chapter overviews in brief most
popular 2-D and 3-D image registration techniques with special reference to the
up-to-date medical image registration: Section 9.2 below details basic aspects of
medical image registration including popular similarity functions, transformation
models, image resampling, and optimization methods. Some of the recent state-of-
the-art medical image registration techniques are reviewed in Sect. 9.3, and
Sect. 9.4 presents the conclusions. The list of the symbols that are used throughout
this chapter is given in Appendix A

9.2 Image Registration Framework

The registration establishes correspondence between a reference image, /;, and a
target, /;, by a parametric transformation, T,(-), of image geometry and signals or
features in line.witha similarity (or cost) function, p(-), specifying the registration
accuracy. The-optimal transformation maximizes the similarity (minimizes the
cost):

T,(-) = arg f;l%’;,o(lra Ty (1)) 9.1

The optimization in (9.1) is mostly numerical. Starting from an initial guess, it is
converging to the optimum in a series of iterative steps that depend on the objective
(similarity) function, image transformations including resampling of a transformed
image and optimization technique [54, 57, 59].
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9.2.1 Similarity Functions

Similarity (cost) functions or measures quantify signal/feature correspondences
between the target and reference images to guide the registration. The/choice of
a feature- or area-based function [59] depends generally on the application.
The feature-based registration establishes one-to-one correspondence between dis-
tinctive features such as specific points [17, 60], contours [4], curves [5, 61-63], or
surfaces [64—66] in both images. These features are usually represented by repre-
sentative, or control points, e.g., gravity centers, line endings, etc., and the registra-
tion quality is determined by the accuracy of their correspondences.

The most popular scale-invariant feature transform (SIFT) by Lowe [67] reliably
determines multiple point-wise correspondences between.local areas differing in
one image from another by the affine geometric and contrast/offset signal transfor-
mations. An intrasubject SIFT registration of retinal images collected with the
1-day time difference is exemplified in Fig. 9.1. Many other feature descriptors
and similarity functions using their spatial relations to establish the point-wise
correspondence between the target and reference.images can be found in the
comprehensive review [59]. Performance of the feature-based registration depends
on many factors including, e.g., areas of overlaps between the images, severity of
geometric distortions, noise, blurring and other signal (photometric) distortions,
and similarities between dominant uniform (smooth) or textured image areas [68].

The area/volume-based registration matches directly pixel/voxel intensities [69]
or colors or other sensed signals. While being known for a long time [70], it recently
became the most popular method in the medical image registration (see, e.g., [12,
71-79]) due to no data losses from feature detection and no or little user interaction.
In most cases, it is fully automated and allows for both qualitative and quantitative

Fig. 9.1 SIFT-based retinal image registration: from left to right in the upper row — the reference
image, target image, and candidate pixels for registration; in the bottom row — the reference image,
the registered image, and the checkerboard visualization of the superposed target and reference
before and after the registration
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Fig. 9.2 An example of area-based registration: from left to right — the reference, target, and
registered target CT kidney images

assessment of the alignment accuracy. Typically, the sSimilarity function and
optimal estimates of transformation parameters are derived from a probability
model of the allowable transformation of a whole target or its predefined subregion
(window) to a reference one. These techniques can efficiently align images of the
same or different modality or dimensionality, accommodate rigid and elastic
geometric deformations, and provide subpixel (voxel) accuracy [71, 80]. The
area-based registration of intersubject CT kidney images by maximizing their
mutual information [6] as the similarity measure is exemplified in Fig. 9.2.

The feature-based registration is highly effective in remote sensing, robotic
vision, and other applications where distinctive and detectable structural image
features exist. Because medical images- are less rich with such structures, the area-
based registration is also a viable alternative [59, 69] in spite of the higher
computational complexity and more frequent local minima traps in optimization
compared with the feature-based methods [5]. Well-known examples of similarity
functions are the sum of squared differences (SSD) and ratio-image uniformity
(RIU) [81], cross-correlation (CC) [61], phase correlation (PC) [33] (based on the
Fourier shift theorem [83]), mutual information (MI) [6], and normalized mutual
information (NMI) [82]:The SSD and CC are common for registering images of the
same modality, while the MI and NMI are suitable for multiple modalities, too.

Cross-correlation (€C) is a basic similarity measure for registration [84—90] and
template matching [91, 92] in classical signal/image processing, pattern recogni-
tion, and computer vision. For image registration, it is derived from a simple
probabilistic model of target-to-reference image transformations of continuous,
by assumption, scalar image signals:

L(p) = ul(p') + 0 + T'(p) (9.2)

where p denotes a 2-D, p = (x,y), or 3-D, p = (x,y,z), point of the reference
image, p’ is the corresponding target point under a geometric transformation
p' =T,(p), I,(p’) and I,(p) denote signals (intensities) in these points, u and o
specify, respectively, an arbitrary global contrast and the offset deviation of the
reference from the target, and I'(p) is a pixel/voxel-wise random noise with a
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center-symmetric (e.g., normal or Gaussian) probability density. The normalized
CC for this model is invariant to the contrast/offset transformations of the target:

> [1(Te(p)) — L][1-(p) — 1]
CCr (I 1) = peW

(9.3)

(z (T (p)) — E]2> (z [1:(p) — mZ>

pew pew

where W denotes a window (usually, rectangular and chesen-manually) in the
reference image to be mapped to the target and I; and /; are.mean values over the
window for the reference and target image, respectively. To align the images,
the maximum normalized CC is searched for in the parameter space of T,(-). The
CC of (9.3) is in the range [ —1 1]: the values close to 1 indicate strong matches
between the images. (CC =1 is the exact match.) When the geometric transforma-
tion is limited only to translations, Ty(p) = p — 9, e.8., Tg(x,y) = (x — dy,y — 0y)
or To(x,y,2) = (x — Oy, y — dy,z — 0,), the coordinates of the peak CC are usually
determined by direct exhaustion of the coordinate offsets ¢ between the two images.
In more complex cases (e.g., an affine or projective transformation), the least
squares CC or other generalized variants (see;e.g., [93]) are used so that the optimal
transformation parameters are found by'numerical optimization. The generalized
CC can handle complex geometric transformations, but the computational load
grows fast with the increasing numbers of parameters [94].

The normalized CC is a simple and effective similarity measure, and thus it is
widely used in practice in spite of its non-robustness under spatially variant contrast
and offset changes, e.g., due to varying illumination of complex 3-D surfaces and/or
different sensor types. Moreover, two simpler cost measures, namely, SAD (sum of
absolute differences) and SSD.are frequently used for registering the reference and
target images that are almost identical except for geometrical misalignment, i.e.,
have no contrast and offset deviations, u = 1 and 6 = 0 in (9.2) [95-103]:

SAD(I, I;) = > I(p) — L(T¢(p))| (9.4)
pew

SSD(I, 1) = > [I:(p) — (T, (p)))? 9.5)
pewW

Close to zero SSD (or SAD) values indicate strong matches between the images
(zero value gives the exact match). The SAD measure is more robust with respect to
outliers or individual very large noise values in (9.2): large intensity changes in a
small number of pixels (voxels) affect the SSD much more than the SAD. These
cost functions are beneficial for certain medical images. For example, serial MRI
or fMRI intrasubject scans are identical except for minor changes due to disease
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progression or response to treatment [102], so that in these cases the SAD and SSD
are likely to work well. However, these measures are unsuitable in the presence of
spatially uniform or variant contrast and offset deviations [103].

Fourier domain methods (e.g., [32-45]) transfer the classical CC registration
from the image to the spatial frequency domain. The simple idea behind the
resulting phase correlation (PC) method [33] is based on the Fourier shift property
[83]: a constant shift between spatial coordinates of two functions fi(x,y) and
f2(x,y), such that f>(x,y) = fi(x — dx,y — 9,), results in linear phase differences
in the Fourier domain:

Fa(u,v) = Fy(u, v)e 7ot (9.6)

where Fi(u,v) = S{f1(x,y) } and F5(u,v) = S{f2(x, y) bare the Fourier transforms
of fi(x,y) and f>(x, y), respectively. Let F}(u, v)denotes the complex conjugate of
F1(u,v). Then, the PC of the functions f| and f; for all their mutual coordinate shifts
can be restored by the inverse Fourier transform, PCy s, = S™'{CPSg, f, }, of the
normalized cross-power spectrum:

CPS = & — _j(u(j.\‘+"(5,»') 97
F1,F> (M7V) |F2(M,V)FT(M,V)| € 9.7)

Then the simplest registration involving only translation has only to locate the PC
peak in the spatial (,,d,) coordinates: If Fy(u,v) and F,(u,v) are continuous
functions, then the inversed Fourier transform of CPSg, ¢, (u, v) is a delta function.
The PC is of lower computational complexity than the usual CC when the fast
Fourier transform (FFT) is employed to compute the spectra F; and F, for digital
images. But the faster CC-based registration in the Fourier domain is simulta-
neously less accurate than in the signal domain and therefore it is more suitable
for a coarse registration.

Foroosh et al. [36] and Shekarforoush et al. [43] have extended the PC to subpixel
registration by analytic-representation of down-sampled images. De Castro and
Morandi [38] have extended it to more complicated registration scenarios combin-
ing both translation.and rotation. Later, Reddy and Chatterji [34] improved the
algorithm in [38] by reducing considerably the number of transformations needed.
The Fourier—Mellin transform [34, 37, 39] and the cepstrum filter [40, 41] have been
introduced to register images being misaligned by translation, rotation, and scaling.
Theseapproaches combine the PC with the log-polar transform (LPT). First, to
recover translation, these methods apply a Fourier transform to images. Then, the
LPT is applied to the magnitude spectrum, and the rotation and scale are recovered
by phase correlation in the log-polar space [32]. A different approach by Zokai and
Wolberg [44] performs the matching and localization in the spatial rather than
frequency domain. The translation is recovered using the coarse-to-fine multiresolu-
tion framework, while the scale and rotation are obtained by matching the log-polar
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transformed images with the CC. Recently, Matungka et al. [45] proposed an
adaptive polar transform (APT) combined with a projection transform to evenly
and effectively sample an image in Cartesian coordinates. This approach requires
less computations than the conventional LPT while remaining robust to'both the
scale and rotation changes. Due to low computational complexity and insensitivity
to relative image translation, rotation, and scaling as well as to correlated pixel/
voxel-wise noise and certain nonuniform signal variations, e.g., due to changing
illumination, the PC is more appropriate in many practical applications than the
classical CC [43].

Mutual information (MI) [6, 7] and normalized mutual information (NMI)
[82, 104] are the most successful and commonly used universal and highly accurate
similarity measures [105]. Recently, the MI has been shown to be efficient for
aligning multimodal images [42, 106] and 2-D/3-D rigid and nonrigid registration
[107]. The reference and target images are considered as-acollection of statistically
independent samples of a discrete random variable, and the MI and NMI evaluate
the amount of information in a reference image about a target image (and vice
versa) from statistical dependencies between the samples in the corresponding
locations.

Let X ={x;,i=1,...,n} and Y = {y;,j=1,...,m} be finite signal sets for
the reference and target image, respectively, and let x; = ¢(x;) and y; = (y;) be
one-to-one signal mappings: ¢ : X —X"'={x},i=1,...,n} and Yy : Y =Y
= {yj,j = 1,...,m}. Because the image signals are treated as independent sam-
ples, the MI and NMI functions are invariant both to arbitrary permutations of the
corresponding locations (p, p’ = T,(p)) in the images and to arbitrary one-to-one
mappings (¢; ) of their signal sets. Let p;, ¢;, and p;; denote the (empirical)
marginal probability of the target signal x;, the reference signal y;, and the
corresponding pair (x;,y;), respectively: p; = P.(I;(p) = x;), q¢; = P:(Li(p") =),
and p; = P:(I:(p) = x;,I1(p/) =y,), obtained by normalizing marginal and joint
intensity histograms of the overlapping areas of /. and I, respectively. Then the MI
and NMI are defined as:

n m

MI(1,, 1) = H(LY="H(I|L,) = H(L,) — H(L|I) ZZp,jlog p” 9.8)

=1 j=1

H(l)+H() | MI(1,, 1)

NMI(Z,,1,) = o Ul
(I 1) H(I, 1) H(I, 1)

9.9)

where H(-) is the Shannon’s entropy (H(I;) = —> " pilogp;, and H(l,) =

n

—> i1 gjlogg)) of the signals, H(-,-) is their joint entropy (H(I.,I,) = = >
> pijlogpy), and H(-|-) is the conditional entropy (H(L|l) = — ", Y7, pij
logpi; = — > > i1 pijlog(pij/q;)). The following obvious properties hold
H(L)>H(L|1L) >0, H(I, 1) = H(I;) + H(L|L) = H(L,) + H(L|I,), and H(I,,1,) =
H(I;) + H(L) — H(I:|1)
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Image registration by minimizing the joint entropy was first proposed by
Collignon et al. [108] and Studholme et al. [109]. However, this cost function
was highly sensitive to the area of overlap between the images. To decrease the
sensitivity, Viola [105] and Maes and Collignon [72] proposed to measure the MI
and applied it to registering MRI and matching a 3-D object model to a real scene.
Later, Studholme [104] proposed the NMI as a similarity measure that depends
less on the overlap area and thus avoids misregistration. The MI and NMI
generally work with the entire image data and directly with image intensities,
but are rarely applied to points extracted from the area border as proposed
by Rangarajan et al. [110]. Zhu [111] introduced the cross-entropy-as an alterna-
tive information-based similarity measure. Comparisons between the MI and
other information-based measures in the application to image registration can be
found in [112].

Estimation of marginal and joint probabilities plays an.important role in the MI/
NMI-based image registration. Wells et al. [106] employed widely used nonpara-
metric Parzen window estimates [113], whereas Maes and Collignon [72] employed
conventional normalized joint histograms. Niu [114] improved the approach in [72]
by using Kriging estimation (KE). The Parzen window-based estimates result in
differentiable MI/NMI functions and corresponding optimization techniques. The
histogram-based estimates lead to a derivative-less multivariate optimization (e.g.,
the Powell’s direction set method [72]).

The MI/NMI-based registration isswidely used in medical image analysis.
However, it has a few drawbacks. The lack of signal (intensity) values in some
images, i.e., lossy rather than one-to-one signal mapping, and the amount and
distribution of image noise may heavily influence the registration accuracy. Also,
the MI and NMI do not account for spatial relationships between adjacent pixels or
voxels. To improve the MI/NMI-based registration by using spatial signal relation-
ships, the MI is sometimes combined with the gradient information [74], or limited
to within clusters of feature points [115], or combined with the correlative edge
deviation [116].

Markov—-Gibbs random filed (MGRF)-based similarity measure proposed in
[117, 118] is derived from an MGRF model of target images. The reference
image is used as_a training sample to learn a characteristic structure of pairwise
pixel or voxel dependencies, called interactions, such as e.g., in Fig. 9.3, and Gibbs
potential functions.of signal co-occurrences on these pairs.

Let N denote a finite set of 2-D (or 3-D) coordinate offsets A = (6, dy) (or (0,,

dy, 0.)) defining a spatially uniform family of interacting pixel (voxel) pairs, called
neighbors. Each pair of the neighbors is the second-order clique of an interaction
graph ‘with nodes in the pixels (voxels) and edges between the neighbors. The
target-to-reference similarity in their overlap area W is measured by the relative
Gibbs energy of pairwise target signal co-occurrences:

E(I;W) = JaVaFA(sW) =Y x> Va(,y)Fa(,y [l W) (9.10)

AeN AeN (y,y)eY?
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Fig. 9.3 Characteristic

pairwise voxel interaction in a y A
3-D MGRF image model /74/

>
X

Fig. 9.4 MGRF-based 3-D image registration: from left to right — the reference, target images, the
3-D affine transformation of the target, and the checkerboard visualization of the co-aligned
reference and transformed target

where Va = (Va(p, )+ (y,y’) € Y?) is the learned potential function of signal 348
co-occurrences/over the second-order clique family with the inter-node coordi- 349
nate offset A, Ax is the relative cardinality of this family on the area W, and 350
Fa(I; W) = (Fa(y, Y'|[I; W) : (y,y') € Y?)is the empirical probability of signal 351
co-occurrences in this clique family on the area W. The geometric transforma- 352
tion for aligning /; with /; maximizes the MGRF energy of (9.10). Experiments 353
in global affine 3-D image registration [117, 118] using an automatic initializa- 354
tion followed by gradient search suggest that the MGRF similarity function 355
aligns complex 2-D/3-D objects more accurately than more conventional popu- 356
lar measures. An example of the MGRF-based 3-D image registration is pre- 357
sented in Fig. 9.4. 358

Other similarity/cost measures in addition to the above most well-known ones 359
have been proposed and applied successfully to different image registration 360
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problems, e.g., ratio—image uniformity (RIU) (also known as variation of intensity
ratios) [119, 120], partitioned intensity uniformity (PIU) (also known as variance of
intensity ratios) [51, 121-124], variance of gray values within segments [125, 126],
histogram entropy of difference images [127], histogram clustering and dispersion
[41, 108, 128], zero crossings in difference images [stochastic sign change (SSC)
and deterministic sign change (DSC) criteria] [129-136], local low-order Taylor
expansions determined by the image gray values [137], cepstral ‘echo filtering
[138], and optical flow field [139, 140]. However, some of these.methods get
good registration results only after complex image preprocessing to remove ana-
tomic background and form the target and reference images including only the
object pixels or voxels.

9.2.2 Geometric Transformations

Geometric mapping, or transformation T,(-), relates the target plane or volume
to the reference one, i.e., aligns or register the target to the reference to establish
one-to-one correspondence between their pixels.or voxels. Medical images always
have nonuniform geometric differences (deformations) due to the nature of objects-
of-interest and image acquisition including scanner-induced deformations, patient
movements, surgical interventions, ete: The mapping model depends on the
assumed target-to-reference deformations, required registration accuracy, and
images to be registered [141].

All the mapping models fall'into two basic categories: rigid (global) and
nonrigid (elastic) transformations. The rigid models (see, e.g., [6, 11]) transform
uniformly the whole 2-D or 3-D images, e.g., translate, rotate, scale, and/or shear
every depicted object just in the same manner. While these models are sufficient in
many applications, medical objects to be co-aligned always have spatially variant
geometric differences. Such complex deformations of images suggest more flexible
elastic models that register a target to a reference image by spatially variant local
warping (see, e.g., [12-25]). Common global models include affine transforma-
tions, similarity transformations being a frequent particular case, and perspective
projections. Sometimes more general polynomial transformations of the target 2-D
area or 3-D volume' are also associated with the global models. Some examples of
2-D rigid transformations are shown in Fig. 9.5, and Fig. 9.6 demonstrates a very
simple nonrigid transformation. Elastic models produce considerably more flexible
image transformations by using, e.g., radial basis functions (RBF), physical contin-
uum models (viscous fluids), or large deformation models (diffeomorphisms).
A comprehensive analysis of the popular nonrigid transformations can be found
in [142].

"For example, a quadratic 2-D mapping of target points (x,y)to reference points (x',y):
¥ = ag + aix + aoy + axx® + apy* + apxy; ¥ = boo + biox + bory + baox* + boay* + boaxy;
with 12 parameters a;;, bjj, to be estimated (e.g., from the six exact correspondences of the points).
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QY

Fig. 9.5 Rigid transformation: from left to right — the reference image and similarity, affine, and
projective transformations of the target image

Fig. 9.6 Nonrigid transformation: from left to right — the initial, transformed, and difference
images

Rigid or global transformations are conveniently converted into linear 398
(matrix—vector) operations:by using so-called homogeneous coordinates. Every 399
Cartesian 2-D or 3-D point coordinates p produce an infinite set of the equivalent 400
3-D or 4-D, respectively, homogeneous coordinates p such that the initial Carte- 401

sian coordinates are simple ratios of the homogeneous coordinates: 402
= X=1-X
N X=1-x X .
ifp=|"|then-p== |5=t-y|andifp=|y| then p== |2 """
Yy T 7 Z=71T-Z

Q

with an arbitrary scale coordinate 7, i.e., x = ¥/7, y = /7, etc. The global 2-D 403
translation by coordinate-wise steps J, and J,, rotation by 0, coordinate-wise 404
scaling by factors ¢, and «y, and shearing by factors {, and {, are exemplified in 405
Fig. 9.7. 406

An Affine transformation maps straight lines into straight lines while preserving 407
properties of the lines to be parallel or intersect but not preserving neither lengths 408
nor angles between the lines. Therefore, geometric objects change their shapes. 409
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Identity Scaling Rotation
1 00 a, 0 0 cosf® —sind 0
T,=(0 1 0 I,=10 a, 0 T,=|sin@ cosd 0
0 0 1 0 0 1 0 0 1
=, '\'ﬁj
Translation v — shearing X —shearing
1 0 &, 1 00 1 & 0
L=|0 1 & T,=|¢, 1 0 T,=|0 1 0
00 1 0 0 1 0 0 1

Fig. 9.7 Particular cases of a rigid 2-D affine transformation p’ = T, P

410 A planar (2-D) affine transformation can be described by independent translation,
411 rotation, scaling, and shearing (seven parameters in total):

¥ ap ap /jap| |
V| =|an an-axs y
1 0 0 1 1
1.0 6oy O 0][cosO —sinfh O
=|0 1 9 0 o O] sinf  cosf O 9.11)
0 0. 1 0 0 1] 0 0 1
1 0 01 ¢ 0][x
x{¢ 1 ollo 1 0|y
0 0 1][0 0 1]|1

412 The affine parameters are uniquely determined from the known coordinates of
413 three corresponding pairs of points forming triangles to be co-aligned in the target
414 and reference images. A 3-D affine transformation depends on the 12 parameters
415 that can be determined from the known four corresponding pairs of points forming
6 the tetrahedrons to be co-aligned in the images:

41
x ajy app a;z au | | X
- -
a a a a
)j/ _ 21 22 23 24 )j 9.12)
z az; ax a3 as z
1 0 0 0 1 1
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Similarity transformation is a particular case of the affine transformation that
preserves shapes of objects. It does not affect angles between lines while changing
lengths of the lines and positions of points because it accounts for only translation,
rotation, and uniform scaling o, = o, = a. With the unit scale factor o = I (i.e.,
with only translation and rotation), it is called the orthogonal transformation.
The affine parameters for the 2-D similarity transformation (ai; = o cos 0,
aip = —o sin 0, a;3 = dy, az = a sin 0; axn = —o cos 0, and a3 = J,) depend
on the four parameters (d,, d,, , and 0) that can be determined from the known
coordinates of two corresponding pairs of points in the images. The 3-D similarity
transformation depends on seven parameters: three translations,-three rotation
angles, and one scaling factor. If the point-to-point correspondences are noisy
or inaccurate, the affine parameters are determined from a large number of point-
to-point correspondences by the least squares [143] or clustering [144] methods.

Perspective projection transformations also map lines to lines, but do not
necessarily preserve their property to be parallel. Optical image acquisition per-
forms an exact 3-D to 2-D projection, if the lens and sensor nonlinearities are not
taken into account:

- X

X apn a2 a3 dig B

5!

Y | = |G azxp a3 dax [ (9.13)
!

z asy dsp 4z dsg 1

When an almost flat frontal scene/(z & const) is projected, the above relations
/ ayxtapytaizztag

between the 3-D (x,y,z) and2-D’ (x,y) points: x = JLrEITAITEAL - g

az x+azny+az+az
ayxt+apy+ayztan brix+biy+bis

I : . ;_ _ barx+bypy+bas
Y = arramytanziay €N be simplified to X’ = Oy w——

andy/ T e xtepy+l
21X+ C2y+

Nonrigid or elastic transformations are needed when geometric differences
between the target and reference images are spatially variant and global transforma-
tions become inadequate,i.e., errors of the rigid registration are too large and their
probability distributions vary with the location [56, 59]. Medical image analysis
frequently employs spline-based nonrigid mapping models including thin-plate
splines (TPS) [15];-elastic body splines (EBS) [17], and cubic B-splines [14].

TPS or surface splines [145, 146] are the most popular examples of using RBF to
model spatially variant geometric deviations in image registration. Originally
introduced by Goshtasby [147] in remote sensing, this mapping model was applied
then by Grimson [148] and Bookstein [15] to medical images. At present, the TPS
are widely used in medical image registration (see, e.g., [149-152]) to approximate
a dense.deviation field with a due balance between smoothness and accuracy of the
registration. Given N control points {(xg, y¢,f¢) : K =1,2,...,N} of a continuous
2-D function, f(x,y), the TPS interpolates all the points as follows [142]:

N

f(x,¥) = aoo + arox + aory + Fk"]% ln(r,f) (9.14)
=1
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where 17 = (x — x0)? + (v — yx)? + %is the augmented Cartesian distance between
the points (x,y) and (xi,yx), the value 7? acting as a stiffness parameter, and
amo, 10, ao1 and Fir;k = 1,2,...,N are the numerical parameters determined by
solving a system of N + 3 linear equations. This model describes deformations'of an
infinite plate under N loads causing fixed deflections at the control points. The latter
provide N linear equations that come from (9.14) by letting f (x, yx) = fi, and the
three more equations come from constraining the TPS to ensure that the plate will
not translate or rotate:

N N N
ZFk:O; Zxka:O; Zkuk:O (915)
k=1 k=1 k=1

Due to combined affine and non-affine warping, the TPS captures both the global
rigid and local nonrigid deviations and gives good registration accuracy. However,
the number of parameters grows linearly with the number of control points, and
computations become quickly time consuming. Considerable attention has been
paid to decreasing the TPS complexity while keeping reasonable accuracy (see,
e.g., [153-156]). A comprehensive study of the TPS-based registration of medical
images can be found in [157]. The TPS is easily extended to 3-D images (e.g.,
[158]) by modifying (9.14):

N
fx,y,2) = aooo + aioox + aoioy + aoo1z + ZFU‘/% In(r7) (9.16)
=1
where 12 = (x — x)” + (y — y0)*+(z < z)* + n? and adding one more constraint:

N

szFk =0 9.17)

k=1

An EBS was proposed in [17] for landmark-based registration of 3-D breast
MRI. The EBS is a solution to the Navier—Cauchy PDE of linear elasticity describ-
ing the equilibrium displacements of a homogeneous, isotropic, and elastic material
under a radially symmetric polynomial force. As was reported in [17], the EBS
outperformed. the TPS in the registration accuracy.

Cubic B-splines are the most widely used nonrigid free-form deformation (FFD)
models. These spline models were introduced first by Sederberg and Parry [159] in
computer graphics and used then by Rueckert et al. [14] for registering the breast
MRI. In contrast to the TPS [15] and EBS [17], the locally controlled B-splines
remain computationally efficient even for a very large number of control points.
Because their basis functions have a limited support, any movement of a control
point affects only a local neighborhood of that point. An FFD-based registration of
the images in Fig. 9.6 is illustrated in Fig. 9.8.

Let ® = (®;,,:1=0,1,...,L—1;m=0,1,...,M — 1) denote a lattice of
L x M control points ®;,, with uniform linear spacing y. Let (x,y) denote the
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Fig. 9.8 FFD registration: from left to right — the reference, target, the registered target,
deformation field, and error images

Cartesian coordinates of planar points in the y-units and let |B| be the integer part
of a real-valued number B. The FFD model is defined by the 2-D tensor product of

standard uniform cubic 1-D B-splines f3,(-) [159]:
2 2
f('x y Z Z ﬁz ﬂj q)l+t m+j (918)

i=—1j=-1

where [ = |x|, m = |y], (s,t) :s=x—1€[0,1), and r=y —m € [0,1) are the
relative position of the point (x,y) with respect to the nearest lattice points (I, m),
(I+1,m), (I,m+1), (I+1,m+1); and f,(u) are the kth basis function,

uel0,1);k=—1,...,2, of the uniform cubic B-spline [160, 161]:
Boi(u) =4 (= +3u® = 3u+1); Polu) = %(3u — 61 + u)
Bi(u) =5 (=31 + 312 #3u+1); g, (u) = Lu? (9.19)

The control points are the FFD parameters, and the resolution of the lattice @ (or
the mesh in the 3-D case) determines the number of the control points and therefore
the computational complexity. The large lattice spacing y permits the representation
of nonrigid deviations of the whole image, whereas the fine lattice allows for
modeling highly local-nonrigid deviations. The 3-D FFD is represented by the

3-D tensor product of the same 1-D uniform cubic B-splines:
2 2 2
Fy, ) =3 BB OB Primijni (9.20)
i=1j=—1k=—1

where n ="|z] andw=z—n € [0,1)

The TPS, EPS, and cubic B-spline models yield an overall smooth image
deformation but become problematic when desired local deformations have to be
limited to only specific image parts. To cope with such deformations, the control
points have to be well distributed over the image and prevent deformations in
regions that should not be changed [162].
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More flexible RBF-based models (e.g., [162, 163]) include special parameters
into the basis functions to control the locality of deformations:

N
f(p) = FiRi(p) 9.21)
k=1

where Ri(p) is a real-valued RBF depending on the distance r(p) =.|p — py|
between p and the control point p;, and Fy specifies the influence. of this RBF

onto the value f(p) (here, the distance r;(p) = \/(x —x)* 4 (3 — yi)* in the 2-D

and \/(x —x)? 4+ (y—y)* 4 (z—z)* in the 3-D case). Typical examples are
multiquadric (MQ), Gaussian, and inverse MQ-based. RBF models with
Ri(p) = (72(p) +12)°%. exp(—r2(p)/(207)). (r2(p) +472)7 "™ respectively. The
parameters Fy : k = 1,2,...,N are estimated by letting f(p,) = f; for the control
points k = 1,2,...,N.

The MQ-based RBF was investigated for both image registration [141] and
deformation [163] largely influences locations being far off the control point p,.
Conversely, the inverse MQ (e.g., [164]) and Gaussian RBFs (e.g., [162, 165, 166])
decrease their influence with the growing «distance to the control point. Local
properties of the TPS were compared with the Gaussian and MQ RBF models in
[163]. Moreover, a comparative study by Franke [167] has found that monotoni-
cally decreasing RBFs perform worse than the monotonically increasing RBFs and
the MQ followed by the TPS produced the best accuracy in interpolating randomly
spaced data. An excellent review of the' RBF models can be found in [168].

When only a fraction of the control/points is used to find the value f(p), the
RBFs are called compactly supported. Wendland [169] described a family of
compactly supported and positive definite RBFs such that the resulting system of
equations is always solvable. Later Fornefett et al. [170] introduced an elastic
registration using positive definite functions of compact support to align pre- and
postoperative 2-D and 3-D tomographic images in the case of tumor resection.
Image registration results with the globally defined RBFs and the compactly
supported RBFs were compared in [171].

Many other efficient'and sophisticated nonrigid registration techniques have
been developed for various medical applications: see, e.g., [12-25]. Recently,
El-Baz et al. [172] and Khalifa et al. [173] proposed to register a segmented target
object to the reference one by accurate co-alignment of their conjugate internal
closed contours. As shown in Fig. 9.9, a distance map is generated inside each
object by finding for every inner point the closest distance to the object’s boundary.
The map is used to form a collection of separate, equispaced iso-contours within the
object, the number of the contours depending generally on the required registration
accuracy and speed. Correspondence between the target and reference iso-contours
is evaluated by either their NCC (normalized cross-correlation) [172] or solving a
special PDE [173]. In [172], the target iso-contours are evolved under a specific
exponential speed function to fit the conjugate reference contours. In [173], the
authors avoid using the exponential speed function by solving Laplace’s PDE
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Fig. 9.9 Iso-contour-based kidney registration: from left to right in the upper row — the reference
image, its distance map, and iso-contours; in the middle row — the target image, its distance map
and iso-contours; in the bottom row — the aligned target and checkerboard visualization before and
after the registration

between respective iso-contours. The solution of Laplace’s equation results in 542
intermediate equipotential surfaces (dashed lines in Fig. 9.10) and streamlines 543
(filed lines) that connect both iso-contours (e.g., Po and Pp in Fig. 9.10). These 544
streamlines are defined-as being everywhere orthogonal to all equipotential surfaces 545
(e.g., the line connecting the points P,; and Py; in Fig. 9.10) and are used to find the 546
point-to-point. correspondences between both boundaries. Deforming a medical 547
object by inner contours is more accurate than by deforming a lattice: see, e.g., 548
Fig. 9.11 showing the application to the retinal images in Fig. 9.1. 549

9.2.3 Numerical Optimization 550

As shown in Sect. 9.2.1, cost or similarity functions for image registration are 551
typically invariant to expected target-to-reference signal transformations due to the 552
use of either specific functions (e.g., the MI or NMI) or explicit parametric signal 553
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Equipotential ]

Streamlines

Fig. 9.10 Two dimensional illustration of the Laplace method

Fig. 9.11 Iso-contour-based retinal registration: from /left to right in the upper row — the reference
and target images and their respective iso-contours; in the bottom row — the reference and
registered target images and the checkerboard visualization before and after the registration

554 models and analytical parameter estimates (e.g., contrast and offset in deriving the
555 NCC). But thesefunctions depend on the global or elastic geometric transforma-
556 tions To(-) only implicitly, so that transformation parameters ensuring the best
557 registration (i.e., the maximum similarity or minimum cost) have to be searched
558 for by numerical techniques.

559 In the space of transformation parameters, the goal functions are usually multi-
560 modal, and the global optimum — the smallest cost or the largest similarity — with
561 respect to.all the possible solutions has to be found. Generally, global optimization
562 means a full exhaustion of all the local optima that is feasible only in a parameter
563 space of low cardinality (e.g., only translations). Today’s global techniques con-
564 strain the exhaustion by adaptive parameter space exploration (e.g., to refine
565 probabilities of candidate solutions) combined with local optimization. The latter
566 explores a goal function only in a vicinity of each current location in the parameter
567 space to successively move toward and eventually converge to the closest optimum.
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The local techniques are sufficient and efficient for a continuous and well-behaved
function with only one optimum [7] or, at least, when the search can be initiated
closely to the global optimum. Medical image registration widely uses various local
methods including the Nelder—Mead downhill simplex method [174], /Powell’s
direction set method [175], the Levenberg—Marquardt search [176], quasi-Newton
(variable metric) methods [177], and so forth. In many cases, these'methods are
efficient and result in sufficiently accurate registration in spite of their limited
capture range and convergence to a local optimum in the parameter.space. How-
ever, in general, no single best method exists for optimal image registration.

Multiresolution techniques (e.g., [178—181]) tend to increase the probability of
finding the global optimum in the parameter space. The images areregistered first at
a low resolution, the optimal transformation found initiates the search at the next
resolution level, and the process is repeated until the highest resolution level is
reached. In practice, the multiresolution techniques wererelatively robust to image
noise, accelerated the optimization, and increased the capture range [181]. How-
ever, the search still is likely trapped in local optima because the global optimum
may be absent at lower resolutions [1, 180]. More sophisticated techniques, includ-
ing energy minimization, are used to accurately evaluate the transformation
parameters [7]. A regularizing term can be added to the energy to penalize
undesired geometric deviations of the target; see, e.g., [182, 183]. To make the
global optimum more probable, complex stochastic optimization techniques, such
as genetic algorithms (GA) [29], simulated annealing (SA) [30], particle swarm
optimization (PSO) [31], evolutionary strategies (ES) [184], and the tabu search
[185], are used sometimes.

Comprehensive comparisons /of deterministic (e.g., steepest ascent or quasi-
Newton) and stochastic (e.g.; ES) gradient-based algorithms for nonrigid
MI-based image registration with respect to speed, accuracy, and robustness can
be found in [186]. Viola and Wells [6] found the maximum MI using the gradient
ascent method. Thévenaz et al. [187] minimized the SSD cost function with the
Levenberg—Marquardt method, while Wolberg and Zokai [188] applied the same
registration to, respectively, deformed target images. Powell’s multidimensional
direction set method was used by Maes and Collignon [72]. The SA was applied in
[189] to minimize the dissimilarity between the corresponding pairs of points, and
the GA was used for image registration in [190]. Matsopoulos et al. [28] compared
the accuracy and efficiency of the Nelder—Mead downhill simplex method, SA, and
GA in registering retinal images under the affine and projective transformations.

9.2.4" Image Resampling

Geometric transformations assume a continuous image plane or volume. With
respect to digital images on finite lattices, most of the transformations involve
resampling, i.e. restoration of signals (e.g., gray levels) in locations mapped to
the lattice points by transformation from the initial image signals [57]. From the
theoretical viewpoint, only finite (band-limited) functions can be restored exactly
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from the lattice samples. However, natural images very rarely possess this property,
so in practice only an approximate “continuous” image can be obtained by inter-
polating available discrete pixel- or voxel-wise signals.

Let N and N’ denote an initial and destination image plane or volume, respec-
tively, and let 7, : N — N and T, 1': N’ — N be a particular point-to-point geo-
metric transformation (mapping) of N into N’ and the inverse mapping. Forward
resampling maps each pixel (voxel) p of the lattice in N to N’ line with T, and
interpolates the mapped signals to find the pixel-wise (voxel-wise)signals for the
lattice on N’. As shown in Fig. 9.12, this method may leave holes and/or produce
signal overlaps in the resampled images. Backward resampling escapes these
drawbacks by using the inverse mapping and interpolating the signals on the initial
plane (volume) N.

Popular interpolation methods, such as the nearest neighbor, bilinear, bicubic
spline, and radial symmetric kernel interpolation, vary in.computational complexity
and image restoration quality, the nearest neighbor and bilinear interpolation being
the fastest. Most of these methods compute a weighted average of signals in the
pixels (voxels) in an immediate neighborhood of the mapped location. Their
detailed description is beyond the scope of this'chapter. (A comprehensive analysis
can be found in [191].)

Let, for simplicity, a 2-D image lattice 'have integer pixel coordinates, and let
|B| denote, as before, the integer part.of a real-valued number B. The nearest
neighbor interpolation assigns to a point (x,.y) in the restored continuous image the
gray value I(/, m) of the closest pixel (! = [x + 0.5|, m = |y + 0.5]). The bilinear
interpolation combines the signals in upto four neighboring pixels.

1(x,y) = (1 — $)(1 — OI(1, m)y L= DI+ 1,m) + (1 — $)L(1,m + 1)
+st(l41,m+ 1) (9.22)

and the bicubic interpolation combines up to 4 x 4 neighbors:

2 2

16c,y) = 3> B s = )P = I +i,m + ) (9.23)

i=—1j=—1

Fig. 9.12 Image resampling methods: from left to right — reference, target images, forward, and
backward resampling for registration
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where [ = |x|, m= |y|], s=x—1 and t =y —m, and °/(u) is the basic cubic
B-spline:
1 2 3 :
e (4 —06lul” +3ul) if |ul<1
BIw) =S L2 - [u))? if 1<|u]<2 9.24)
0 if |u|>2

The bicubic interpolation involves more computations (e.g.,/~10. times more
than the nearest neighbor one). But it is more accurate than the two others and does
not produce false boundaries as the nearest neighbor interpolation. Generally, the
B-splines are very effective interpolants [192] having, in-accord with Thévenaz
et al. [191], the superior performance than any other polynomial basis function of
the same order. The zero-order B-spline coincides with the nearest neighbor inter-
polant: A% (u) = 1if |u|<0.5 and 0 otherwise. The n-order B-spline is obtained by
convolving the (n — 1)-order one with (). In particular, the first-order B-spline
is the linear interpolant: f1' (1) = 1 — |u| if |u|<1'and 0 otherwise.

The use of cubic splines in image interpolation was pioneered by Hou and
Andrews [193]. In the limit (n — oo), the B-spline converges to the Gaussian,
and the corresponding interpolants rapidly converge to the sin ¢ function sin 7u/nu
being optimal for exact restoration of finite functions [194]. However, even if the
images were strictly bandlimited, the exact restoration is impossible because of the
infinite support of the sin c function [191]./A truncated (usually called windowed)
sin ¢ function [195] uses a limited number of neighbors for interpolation but at the
expense of larger restoration errors and artifacts [196].

The above resampling is not rotationally invariant. To obtain such invariance,
one needs a radially symmetric interpolant combining a resampled value from the
pixels within a circular area centered at the point of interest [197]. Popular
examples of radially symmetric interpolants with elegant analytical properties are
the Gaussians (e.g., [198]) and RBF (e.g., [199]).

9.3 Medical Image Registration for the Last Decade

Image registration.in (9.1) is an (iterative) estimation of a parametric transforma-
tion ensuring the maximum similarity, or minimum cost, between the transformed
target and reference images (Fig. 9.13). Roche et al. [200] considered the medical
imageegistration as a maximum likelihood estimation problem to show that it fits
to well-known similarity measures (e.g., NCC, correlation ratio, and MI) and used
Powell’s optimization method for rigid registration of 3-D brain images acquired
for ten patients from different modalities (MR-T1, MR-T2, CT, and PET) and of an
MR-T1-weighted scan to an intra-operative 3-D US image.

Likar and Pernus [201] proposed a hierarchical image subdivision strategy to
perform an elastic registration of three differently stained serial transverse sections
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Optimization and update
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Fig. 9.13 Iterative image registration

of muscle fibers using the NMI. The nonrigid matching problem was decomposed
into a TPS-based elastic interpolation of multiple local rigid registrations of sub-
images of decreasing size. The marginal and joint intensity probability distributions
were estimated by normalizing the joint intensity histogram.

Topology-preserving intersubject registration of medical images is of particular
interest because no.newsstructures appear, no existing structures disappear, and the
connectedness of and neighborhood relationships between the structures are not
affected. Musse et al. [202] proposed a parametric topology-preserving deformable
image registration using a nonlinear Gauss—Seidel block algorithm to minimize the
inter-image energy. Elegant linear constraints derived give the necessary and
sufficient conditions for the determinant of the Jacobian of such transformations
to be continuously positive everywhere. The method applies to the 2-D images only
and is restricted to the first-order B-spline deformations.

A projection-based (or vector correlation) image registration algorithm proposed
by Cain et al. [203] operates only on vectors as opposed to images. When compared
with the classical NCC-based techniques, it was computationally efficient
and accurate on images with a specific fixed-pattern noise of low SNR. However,
only a global tip and tilt in an image can be removed, and the registered images
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retain all other distortions (e.g., caused by high-order atmospheric effects and
laser speckles).

Kaneko et al. [204] proposed a parametric registration with an increment sign
correlation (ISC) extending the NCC and coping with some occlusions, shadows,
saturation, or illumination highlights of images or objects to be registered. But it
fails if the occluding object has nonuniform brightness. A more robust:modified ISC
in [205], called selective correlation coefficient (SCC), filters the irrelevant pixels
out by deriving a mask from the brightness increments.

Feature-based registration methods determine the transformation parameters
from a set of control points extracted from each image. To improve the perfor-
mance, recent studies (e.g., [206-208]) select the control points on.the basis of local
spatial frequencies of the signals. Liu et al. [206, 207] and Elbakary and Sundar-
eshan [208] register multimodal medical images using banks of local Gabor and
Gaussian filters to evaluate the frequencies. However, the number and character-
istics of filters in the bank for given input images is to be selected ad hoc.

Extending the phase correlation to subpixel registration of multispectral images
by analytic representation of down-sampling was pioneered by Foroosh et al. [36].
In spite of the analytic closed-form estimate of the subpixel translation, this method
lacks the ability to evaluate mutual shifts greater than one pixel. Moreover, the
phase-based similarity accounts for only translation, so more complex deviations
may not be compensated appropriately.

Widely used in atlas-based segmentation, level set techniques have been tried for
image registration, too (e.g., [209-211]). Vemuri et al. [209] and Bertalmio et al.
[210] introduced a PDE-based joint registration and segmentation algorithm
deduced from the general Osher—Sethian’s level set evolution [212]. The higher
dimensional level set function was replaced in [209] with the intensity function of
an image to be registered (the target.image), thus employing one PDE for registra-
tion. This algorithm has been tested on registering 3-D MRI. The registration of
images from different modalities requires a different speed function. Two PDEs,
one for morphing the image intensities as in [209] and the second for morphing the
image contours, were'used in [210]. Duay et al. [211] included more local prior
information (e.g., the object’s gray level distribution, shape, and contour curvature)
in addition to the atlas:"The main advantage is that any type of contours (closed,
open, connected, or disconnected) can be registered. But the level set registration on
the image intensitiesin [209, 210] can cause misregistration in the presence of local
intensity differences between the images or a lesion in one of the images. The
algorithm in [211] was tested only on 2-D synthetic and natural medical images.

An MI-based FFD registration of 3-D CT and PET chest images by Mattes et al.
[13] uses continuous estimates of probability densities of signals with the Parzen
windows [113] and a hierarchical multiresolution scheme to escape local minima
and alleviate the need for accurate initialization. The goal function was split into
two terms associated with the rigid and nonrigid deformations, respectively, to get
both the criterion and its gradient in the closed form and use a quasi-Newton
optimization technique. However, the authors pointed out that the results were
unsatisfactory in the regions with larger deformations, such as at the diaphragm
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and abdomen. Also, only uniform image grids can be used, and this approach
assumes a functional relation between the acquired transmission and emission
PET images. A fully automated 3-D image registration by Zhu [111] uses cross-
entropy (also called relative entropy or Kullback-Leibler distance) as a similarity
measure and a multiresolution optimization. This approach had been tested on
seven MR and nuclear transmission and emission brain images using the trilinear
interpolation for volume resampling. However, it accounts for the rigid transforma-
tions only and is time consuming (computationally expensive).

Rohlfing et al. [182] used the NMI for nonrigid FFD registration of pre- and
postcontrast breast MRI. Assuming the volume preserving local deformations, an
incompressibility constraint — the unit determinant of the Jacobian of transforma-
tion — has been used. The goal function was penalized by adding the absolute log-
Jacobian of the transformation or the squared second derivative for each voxel. The
method was applied after making an initial affine transformation. An uphill-simplex
algorithm restricted to the steepest ascent direction and a multiresolution optimiza-
tion strategy were used to search for the optimum transformation parameters. But
the flexibility of the method may be reduced due to the hard, regularizing incom-
pressibility constraint. While the latter is well suited to intrasubject images, it may
be unsuitable for intersubject image registration.

Noblet et al. [213] generalized the volume-preserving technique in [202] to 3-D
B-spline deformations using a hierarchical first-order B-spline deformation field
rather than the higher-order B-spline as'in [13]. Unlike the above hard constraint
[182], the determinant of the Jacobian is to be positive and within the two user-
defined bounds in a continuous 3-D transformation domain. Due to difficulties of
optimizing a 3-D B-spline-based deformable mapping, the maximum feasible step
along the search direction that.allows the determinant to remain in the feasible
positive region is found by global optimization based on interval analysis [214].
This approach guarantees an invertible image-to-image transformation, but it is
restricted to only linear B-splines because the higher-order splines result in the
computationally too complex interval analysis.

D’Agostino et al. [19] proposed a multimodal MI-based FFD registration using
a viscous fluid image model allowing for large local deformations, while maintain-
ing a smooth one-to-onetopology. The MI gradient with respect to individual voxel
displacements is derived analytically from a differentiable, continuous joint proba-
bility density constructed with the Parzen window [113] from an empirical signal
histogram. Experimental registration of simulated T1/T1, T1/T2, and T1/PD brain
MRI showed good performance in both mono- and multimodal cases, but was very
time consuming because a new PDE had to be solved iteratively at every step to
find a<vector field of velocities. Rohde et al. [78] refined the lattices using the
gradient of global MI. Magnitudes of the gradient components were limited by
bounding coefficients of the basis functions. An analytical sufficient condition to
guarantee the positive Jacobian determinants was derived and achieved using a
constrained optimization subject to a box constraint in the parameter space. This
study focused only on 3-D brain images of non-articulated subjects (volumes with a
small deformation range) that may be inadequate for articulated subjects with a
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considerably wider deformation range. Also, the search space is too restricted, e.g.,
large deformations with small gradients are not allowed.

Automatic analytical updates of steps for gradient descent optimization, cubic
B-spline deformation models, and a multiresolution approach similar to [135 111,
182, 215] were used in the SSD-based parametric elastic registration by Kybic and
Unser [216]. External hints (landmarks) could be entered interactively to facilitate
the correct solution. Efficiency of different local SSD-minimization algorithms
(such as the gradient descent with feedback step adjustment or-quadratic step
estimation, the conjugated gradients, and the Levenberg—Marquardt algorithm)
has been tested on simulated anatomical MRI.

Automatic 3-D-to-2-D-registration helps to transfer the acquired 3-D informa-
tion to the 2-D data, to provide image-guided interventions, and to facilitate
treatment planning. Penney et al. [217], Hipwell et al. [218], and Byrne et al.
[219] developed automated intensity-based algorithms for updating a 3-D position
of an interventional instrument using a single-plane angiogram registered to a 3-D
volume. In particular, the algorithm by Penney et al. [217] for aligning preoperative
CT and intraoperative fluoroscopy images was expanded to registering 3-D cerebral
magnetic resonance angiography (MRA) with 2-D X-Ray angiograms [218] and
matching 3-D X-ray digital subtraction angiography (3-D-DSA) images [219].
Comparative experiments in [217] gave surface-target registration errors of the
order of 1-2 mm. Experimental selection of similarity measures for neurovascular
interventions in [218] resulted in successful registrations of 95% of the phantom
and 82% of the clinical images with the reprojection rms errors of 1.3 £ 0.6 and
1.5 4+ 0.9 mm, respectively. The registration accuracy improves to 1.3 + 0.6 mm in
the clinical study for the two images of the same modality (3-D-DSA). Measuring
the correspondence between the local intensity changes by the gradient difference
in [218, 219] provides good registration results, but requires the contrast agent
injection for the reference 2-D image. Furthermore, the computation time for these
methods combined with the manual interaction to initiate the registration reduces
possibilities of their wide.integration into complete automatic toolkits [220]. The
reader is referred to a.comprehensive survey [221] of registering pre-interventional
3-D CT or MRI data to 2-D intra-interventional X-ray projection images.

The registration. aceuracy depends generally on the correctness of geometric
transformation parameters. To improve the accuracy of their estimation, an improved
FFD based on a. hierarchical B-spline has been proposed in, e.g., [222-225].
A hierarchical B-spline contour-based registration by Xie and Farin [222] superposes
FFD grids of different scales at various locations to provide a finer registration in
certain areas. However, the global deformation still sums all the different-scale
transformations. The algorithm is illustrated by both landmark- and intensity-based
applications, but the validation is absent and the consistency of registration is
not guaranteed. To analyze the heart local motion, Mora et al. [223] coupled the
hierarchical B-spline with a variation-based level set. Tustison et al. [225]
proposed a directly manipulated free-form deformation (DMFFD) model that
improves the existing gradient-based FFD. The FFD- and DMFFD-based regis-
tration scenarios have been compared on both 2-D and 3-D images using
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different similarity or cost metrics (NCC, mean squares, and MI) and cubic B-
splines. For a potentially faster image registration, the DMFFD framework
calculates the gradient only in randomly selected points. It was shown that
this framework overcomes problems of energy topography associated /with the
standard FFD. While the efficacy of the DMFFD was demonstrated for the
random sampling-based registration, other nonuniform sampling strategies can
improve the gradient approximations, too.

Proposed by Matsopoulos et al. [226] multimodal registration-of retinal auto-
fluorescence and infrared images uses a self-organizing map (SOM) to find the
affine transformation minimizing differences between intensity gradients in specific
pixels (landmarks) of the reference image and corresponding target points. Tests on
the 24 pairs of multimodal images yielded the accuracy of approximately 40 um for
all the retinal pairs. However, the landmarks are difficult to extract in the case of
hyperfluorescence, hemorrhages, or drusens, and the landmark correspondences are
difficult to establish for small blood vessels at image periphery or in low-quality
(blurred or noisy) images. An intensity-based registration by Kim and Fessler [227]
uses a robust correlation coefficient to measure the similarity. It is less sensitive to
outliers in one image, but not in the other, and was proven (both analytically and
experimentally) to be more efficient than the'MI-based registration.

Image registration can benefit from parallel implementations of its computation-
ally intensive optimization algorithms. For example, the MI-based registration of
multimodal images by Wachowiak and Peters [228] uses a coarse-grained parallel
Powell’s optimization. It is based on the global DIviding RECTangles (DIRECT)
technique [229] and local multidirectional search (MDS) [230, 231] and increases
the capture range for the goal optimum, but does not account for the memory
locality. Lee et al. [232] presented a coordinate-invariant, geometric version of the
Nelder—Mead optimization for the MI-based image registration. The computational
efficiency on real 3-D CT and MRI increased by 15% compared with existing local
coordinate-based methods. However, this approach may not be applicable for other
similarity or cost measures.and considers only the rigid-body transformation, while
medical images have intrinsically nonrigid deformations.

Orchard [233] proposed an efficient globally exhaustive alignment search
(GEAS) to perform the fast global optimization for multimodal image registration.
The underlying SSD minimization was reformulated to be performed with the fast
Fourier transform. (FFT). The method was tested on aligning MR and CT head
images, a chest CT image to a grayscale photo-image, antemortem to postmortem
dental images, fingerprints, a grayscale photo to a gray-coded height map, and other
images. However, the user’s interaction is required to select an initial region-of-
interest.(ROI) for each image pair (with about 40% of the object in the overlapping
portions of the images), and only a limited 2-D rigid-body transformation with the
same scales and close orientations of the object is under consideration.

A SSD-based nonrigid registration by Sdika [234] uses nonlinear constraints
to prevent spatial singularities or foldings due to zero or negative Jacobian determi-
nants, respectively, of the transformation modeled with the cubic B-splines. To speed
up the registration and avoid local minima in the high-dimensional parameter space,
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it uses a large-scale, constrained, nonlinear multiresolution optimization combining
the method of multipliers and the low-memory Broyden—Fletcher—Goldfarb—Shanno
algorithm (L-BFGS) with a monotone linear search. This approach ensures the local
invertibility everywhere. However, calculating the Jacobian determinant or/its gradi-
ent significantly increases the computation time due to additional B-spline interpola-
tions of the partial derivatives of an image transformation. A framework for nonrigid
image registration introduced by Glocker et al. [235] reformulates the registration
problem in terms of Markov random field (MRF) models of images:"/Any similarity
measure can be employed, and the optimization is tackled by quantizing the search
space, thus making the problem completely discrete. But, the approach lacks the
validation.

Recently, a number of rigid (e.g., [236, 237]) and nonrigid (e.g., [238-240])
registration algorithms have been applied to carotid images. The first MI-based 3-D
rigid-body registration of MRA to Power Doppler US carotid images was proposed
by Slomka et al. [236]. Fei et al. [237] introduced an automatic, NMI-based, rigid-
body registration of multiple contrast-weighted” MRI of carotid vessels that
accounts for translations and rotations only (but not for scaling) and uses the uphill
simplex optimization. But because different head positions during image acquisi-
tion cause relative bending and torsion in the neck, producing spatially variant
image deformations, the transformation should be nonrigid. Chan et al. [238]
proposed a nonrigid 3-D TPS-based registration of carotid MRI and 3-D US images
that produced the mean registration error of approximately 1 mm on an ex vivo
specimen. Krucker et al. [239] extended the TPS-based registration to synthetic and
clinical breast images and tested the performance on 1.5-2.5 mm synthetic defor-
mations and two phantom scans. Although the nonrigid registration in [238, 239]
can capture mutual nonuniform image deformations due to different head positions,
it is not always suitable for monitoring carotid plaque changes since it can alter
existing plaque morphology during the registration. The computational cost is high
due to the large number of registration parameters involved. Nanayakkara et al.
[240] introduced an NMlI-based nonrigid registration of 3-D US carotid images
obtained at two different.imaging sessions. Its “twisting and bending” model of
nonuniform image deformations due to neck movements overcomes the plaque
morphology alteration problem in [238, 239].

Sabuncu and Ramadge [241] introduced the first entropy-based algorithm for
registering multimodal images that incorporates spatial information. Spatial feature
vectors obtained from the images and a minimum spanning-tree approach are used
to estimate the conditional higher-dimensional entropy: the Jensen-Renyi diver-
gence between the learned and new joint intensity distributions is minimized with a
gradient descent method. The method was compared with five different 3-D rigid
registration algorithms on three simulated 3-D MRI sets of a healthy human brain
and was shown to be fast. However, only simulated data and a rigid-body transfor-
mation were under consideration. Staring et al. [242] incorporated multiple
image features, including the intensity gradients and Hessians (second derivative),
into a nonrigid Ml-based algorithm for registering cervical MRI. It employed a
multiresolution and multifeatured approach combining the principal component
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analysis (PCA) to reduce the feature space, parametric cubic B-splines, and an
iterative stochastic gradient ascent optimization [186, 243]. The reported median
errors up to 3 mm with the third quartiles up to 5 mm for segmented clinical target
volumes slightly outperformed results of the conventional MI-based registration.

Loeckx et al. [244] proposed a new intensity-based similarity measure, called the
conditional mutual information (cMI), between the reference and target intensity
distributions, given a certain spatial pixel distribution, and compared the cMI with
the MI and total correlation introduced by Studholme et al. [245].The algorithm
uses analytical derivatives to avoid the discretization errors, a tensor-product
B-spline image deformation model, and a limited memory quasi-Newton optimiza-
tion. A parametric intensity-based registration framework by Bhagalia et al. [79]
uses a multiresolution pyramid and an importance sampling (i.e., sampling of a
subset of voxels on prominent image edges) to reduce the computational costs of
calculating the MI gradient. Experiments on simulated brain MRI and real lung CT
images from eight subjects showed that a combination of stochastic approximation-
based optimization and importance sampling accelerates the registration while
preserving the registration accuracy.

9.4 Conclusion

This chapter presented a brief review. of medical image registration algorithms
including the similarity or dissimilarity measures, rigid and elastic geometric
transformations, popular numerical optimization methods, and image resampling.
Image registration is considered as an optimal estimation of a geometric transfor-
mation that aligns partially overlapped target and reference images. The emphasis
of the chapter is on describing most popular models and methods at each step of
registration and pointing out their basic advantages and drawbacks. Some of the
cutting-edge contributions to.the medical image registration for the last decade are
presented, too. But many important issues still remain to be solved, and the future
research will likely focus‘on developing sophisticated, robust, efficient, and real-
time approachesfor nonrigid registration.

Appendix A: List of Symbols

I Reference image.
I; Target image.
To(:) Transformation function.
o(+) Cost function.
Spatial coordinates vector.

Homogeneous coordinates vector.
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Rectangular window or neighborhood.system

(regular and irregular).

Reference image mean value.
Target image mean value.

2-D Fourier transform.
Normalized cross-power spectrum.
Finite signal sets.

One-to-one mappings.

Marginal probability distributions.

Joint probability distribution of two random

variables.

Conditional probability distribution.
Shannon Entropy.
Conditional Entropy.

Joint Entropy.

Spatial offsetsvector.

Gibbs energy.

Potential function.

Empirical probability of signal co-occurrences

in the MGRF clique Family.

Relative cardinality of the MGRF model.
Arbitrary scale factor.

Angel in radians.

Scaling vector.

xand y-Shearing Factors.
Rigid transformation coefficients vectors.

Global polynomial

coefficients.

Spline distance weight coefficients.
Spline stiffness coefficient.

Cartesian distance between two points.
Control points lattice (mesh).

Lattice (mesh) spacing.

Number of control points.

uniform cubic B-spline basis functions.
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986 Ry(.,.) Radial basis function.
987 ¢ Standard deviation.
988 N,N’ Reference and target image planes (volumes).
989 [g["] () n-order B-spline.
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