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Introduction

Image registration aims to spatially align one image to anathdrestablish point-to-
point correspondences between the images. It is an active andampopic of research in
medical image analysis because of its numerous applicatiohglimg change detection in
longitudinal studies, multi-modal image fusion, motion correction in seréges, image-guided
intervention, anatomical atlas generation and group analysis. tfa&gis happens at both
global and local levels. Global registration methods recoveanpeters of a global
transformation model, such as rigid and affine, to account for globfrahtes such as
translation, rotation, and scaling. In many cases of medical inegggration, local registration
that utilizes an elastic or non-rigid deformation model is akmuired to cope with local
differences between the images. Such local differences areodder examples, scanner-
induced deformations, movement and/or respiratory motion of the patiggical intervention,
or different anatomy (e.g. in atlas generation). This chaptéreview the fundamentals of
medical image registration, and describe a novel efficient nahritage registration method.
The method is based on finding salient region-feature corresporsdbrt®een images and
solving for parameters of a Free Form Deformations (FFD) model in closed f

Background
There has been intensive research on image registration [Collignoi@®%)/.Viola et al.

1995, Maes et al. 1997, Can et al. 2002, Hartkens et al. 2002, KelleR@03] Deligianni et al.
2006] and the proposed methods differ in two main aspects. One aspeahs$ormation,
which refers to the selected global, local, or hierarchicdbbéd-to-local) geometric
transformation model, used for transforming naoving image to achieve high spatial
correspondence withfaxedimage. Global transformation models apply to an entire image; and
examples are rigid, similarity, affine and perspective. Ltrealsformation models can represent
pixel-wise deformations that deform an image locally and non-yigathd examples include
optical flow [Paragios et al. 2003], Thin Plate Splines (TPS) i{@hwl. 2000], Radial Basis
Functions [Fornefett et al. 1999], and space deformation techniques suEheeasForm
Deformations (FFD) [Huang et al. 2006, Rueckert et al. 1999]. Hrecatlcmodels that
typically consist of a global transformation followed by locdbd®ations are also popular since
they cover the entire transformation domain. The other aspectigtragign is theRegistration

Criterion, which is the approach used to recover optimal transformation paramédae can



classify existing approaches into three categories: featsesbanethods, intensity-based
methods, and hybrid methods that integrate the previous two. Feaserhathods [Thirion et
al. 1996, Maurer et al. 1998, Can et al. 2002] establish explicit porrdences between sparse
geometric features such as points, curves, and/or surface patchberamrdtimate the optimal
transformation parameters based on these correspondences. Thesedsnase relatively
efficient and can register images in arbitrary poses, althdwagk are concerns on the robustness
of feature extraction and correspondence computation. Intensey-bragistration methods
[Viola et al. 1995, Collignon et al. 1995, Rueckert et al. 1999, Mads E398] operate directly
on pixel intensity values from the full image content, and itehti solve for optimal
transformation parameters that would minimize a dissimiléoitynaximize a similarity) energy
function defined on the two images. These methods do not require festfiaetion and can be
made fully automatic, thus they are widely used in medicaj@magistration applications; they
can also register images of multiple modalities (e.g. CT & MR, CT & RER & PET) by using
appropriate similarity measures. The most commonly-used siyitaeasures include Mutual
Information [Viola et al. 1995] and Normalized Cross Correlationsj@@asby et al. 1984].
Intensity-based methods often tend to be more computationally expehaivdeature-based
methods however, due to the use of full image content and the need for optimization on complex,
non-convex energy functions. In recent years, hybrid methods angrajsused to integrate the
merits of both feature-based and intensity-based methods. Mauastl myethods [Shen et al.
2002, Hartkens et al. 2002, Keller et al. 2003] focus on incorporatingptseded or
automatically-extracted geometric feature constraints intengity-based energy functions to
achieve smoother and faster optimization. Some [Huang et al. 2G€jtescale-invariant local
region features instead gboint features so that robust similarity measures (including those
capable of multi-modal registration) can be applied to matchiagnterior intensities of region
features and finding reliable correspondences.

Challenges remain in image registration to cope with conditions ascstructure
appearing/disappearing, intensity differences in multi-modalgé®aimage noise, intensity
inhomogeneity, and partial matching. Particularly in nonrigid (ostielaregistration, most
state-of-the-art methods are intensity-based methods thabamdowv to be useful in clinical
applications, because the number of transformation parameters (reesled freedom) to be

estimated is very large. To address these challenges, we p@pusel hybrid method for



nonrigid image registration. The method is very efficient, in thatilizes sparsesalient region
feature correspondences to estimate both global rigid transfomaatd local deformation field

in closed form. The local deformations are represented by a Cufjpdiri? based Free Form
Deformations (FFD) model, which offers compact support so tlgastration can be locally
constrained which especially allows to deal with local changeseidical images due to, for
instance, tumor resection. In a multi-resolution manner, the me#odlso recover small to
large non-rigid deformations. The resulting deformation field givest@io®e mapping
between the two images being registered and the field is smdbtiyweiranteed tcontinuity at

FFD control points and Ccontinuity everywhere else. We demonstrate this new approach on

registering MR brain images.

Fast Non-rigid Image Registration using a Closed-form FED Solution

This registration method is a hybrid framework that generally comphisdsltowing steps.

1. Salient Region Feature ExtractionDetecting scale-invariant salient region features on

the fixed image and on the moving image;

2. Feature Correspondences and Rigid Alignmerbr every featur¥; on the fixed image,
find its corresponding featuté on the moving image, by matching the region-feature
interior intensities using intensity similarity measures swiMatual Information (M)
and Squared Normalized Cross Correlation. Outlier correspondeneegramed
according to geometric constraints between features. Thetimgsuegion-feature
correspondences are used to estimate a global rigid transforrietidarings the moving

image to global alignment with the fixed image;

3. Closed-form FFD Solution for Non-rigid Registratioin order to accurately recover the
many parameters in a local free-form deformation (FFD) madete geometric features
including corner features are extracted on the globally-aligm@dng and fixed images.
Corner feature correspondences are established by local saadcmeighborhood
similarity matching. Then the salient-region-feature c@oadences from step 2,
together with the newly detected corner-feature correspondemeasseal to solve for a
dense deformation fieldhat establishes point-to-point correspondences between the

moving and the fixed images. The deformation field is represented asiCubic B-



spline based FFD model, whose parameters are estimated in-idoseftom feature

correspondences.

Salient Region Feature Extraction.

Scale-invariant salient region features on an image are found asientropy-based detector
[Kadir et al. 2001], which selects regions with highest locaksali in both spatial and scale
spaces. For each pixelon an image, let us consider a local circular regR(s, x), of certain
scale described by radiggind centered at pixgl An intensity probability density functiop(s,
x), is computed from all the pixel intensities within the circulagion. Then the differential

entropy of intensities in this local region is defined by:

H(sX)=- p(sx)log, p(sX)di

wherei takes on values in the set of possible intensity valuespié)X) is the probability of
intensity valud in the local region The “best” scale of the local region centered &t selected
as the one that maximizes the local region entr§py:argmax, H(s,x . The saliency value,
A(S, x), for the region with the best scale is defined by the extemrepy value, weighted by
the best scale and a differential self-similarity measure in the spate:

AS,X) = H(S,x) x§, x

1 :
L

Since the saliency metric is applicable over both spatial ahel sgaces, the saliency values of
region features at different locations and scales are comearalter computing the best scale
and saliency value at every pixel in the image, we exsa@ant region features as those local
regions centered at pixels with local maxima saliency valdég®se scale (or radius) of a salient
region is defined by the best scale associated with theatixslcenter. The main advantages of
such extracted region features are that they are thedsetroadriant to rotation, translation and

scaling, and their interior areas provide intensities that eamatched using intensity-based
similarity measures. Examples on salient region features can be segurenl1(ll).

Feature Correspondences and Rigid Alignment.




To detect salient-region-feature correspondences between the fixedaméthe moving image,
a matching algorithm not only evaluates the likelihood of each hypothesizedriondg

pairing of features, but applies geometric constraints (e.g. relativeopoaitd orientation)
between features to ensure the global consistency of individual matches andrtimadesd false
feature matches. Given a pair of region featufgsy)), wheref; is theith feature on the fixed
imagef, andm is thejth feature on the moving image the likelihood of this pairing being a
true correspondence is determined by the intensity similarity betlwvedwo features. We
measure such similarity using Normalized Mutual Information (NMI), Wic@n cope with
multi-modal matching. Suppose the intensity random variable of rggedn, and the intensity
random variable of regiom is [,. Denote the intensity probability density function (p.d.f.} of

asp, ,thep.d.f. omasp ,andthejointp.df dfandmasp . Letthe differential

entropy of intensities in regidnbe:

H(f)=- Py, (1,)log, Pr, (1)dl,,

the differential entropy of intensities in regionbe:

H(mj) =- pmj (|2)|092 pmj(lz)dlz’

and the joint entropy between intensities in redi@md intensities in regiom, be:

H(f,m;)=- pfi,mj(ll’ 1,)log, Pt m, (1, 1,)dldl,,

Then the normalized mutual information betwé&eamdm, is defined by:

2H(f;,m;)

NMI(f,,m)=2-
H(f)+H(m;)

We make the NMI measure invariant to translation, rotation, and scaling, bynglige two
region centers in a local coordinate system, normalizing their scalepédrgampling the

smaller region to match the scale of the larger region, and taking the maxiMuwaNe under



all possible rotations. (In practice, we sample the rotation parameter ape take the
maximum NMI value under all sample rotations.) Once having the NMI value cedfaourt
every hypothesized fixed-moving feature pair, we take the pairs with theegré&lMI values to
be top candidate correspondences. Feature correspondences found this way areFsgaven in
1(lll.a-b). We then apply a generalized Expectation-Maximization atgorHuang et al. 2004]
to prune outliers in the detected individual feature correspondences and estigidte a
transformation that transforms the moving imag® be globally aligned with the fixed image
(see Fig. 1(111))

Closed-form FED Solution for Nonrigid Registration

In order to estimate robustly a local deformation field and establish dems¢qzpoint
correspondences betweerandf, we need as many reliable feature correspondences as possible.
Thus in addition to the salient-region-feature correspondences above, we apyribedtner
detector [Harris et al. 1988] to extract corner features on the moving and therfeges. Since

m andf are now globally aligned, correspondences between cornensaod onf are established

by local search and normalized cross correlation. Now given the set of f@atluding region

and corner feature) correspondences betweandf, and representing the local deformations

using a Cubic B-spline based Free Form Deformations (FFD) model, we camsaherse
inference problem to recover parameters of the optimal FFD deformatidmhfzlcan explain

the position displacements between corresponding features.

FFD is a space warping technique that deforms an image by manipulatingaa regul
control latticeP overlaid on its volumetric embedding space [Rueckert et al. 1999, Huang et al.

2006]. To facilitate notation, we describe FFD in the 2D case. Let us consideraa lattjoe

of control point®,, . = (P, Py ); m=1,...,M, n=1,..,N, overlaid to an image domain

n

G={x}={( x,y)| IExEhy, |,£ yEh}. Denote the initial regular configuration of thentrol lattice as

P°, and the deforming control lattice BsP%+dP. The parameters of FFD are the deformations

of the control points in botk andy directions;

Q ={(dRn, dPE(m N IL, M7[L, N



Given the deformation of the control lattice frétto P, the deformed locatioh(x)=(x.y") of a

pixel x=(x,y) , is defined in terms of a tensor product of Cubisplines [Huang et al. 2006]:

L) =x+d() = B(U)B (V)R + o)

k=0 1=0

In the definition Py j+1; k=0,...,3, 1=0,...,3refer to the coordinates of the nearest sixtedoy (4)

control points in the neighborhood of pixel i = ;: " XM -1),j= h—ly XN - 1) are the

xlx y 'y

smallestx andy indices of control points in the neighborhood;d &(u) is thekth, andB(v) is
thelth basis function of Cubic B-splines.
Based on the linear precision property of B-splingee initial coordinates of the

3 3
pixelx = B, (U)B, (V)F?Sk,,-ﬂ . Thus the displacement of pixe| given FFD control lattice

k=0 1=0

deformation fronP° to P, is:

A(X)=L()- x=  By(U)B )P,

k=0 1=0

Suppose we have a numbermofieature correspondencés,,x.');c=1,...,n, wherec is
the index of a feature pairx, = (x., Yy, i3 the center location of a (region or corner}udeaon
the fixed image, ana.'=(x.',y. 'Is the center location of the feature’s correspoieeé on the
globally-aligned moving image. Assuming that untter correct local deformations, efuals
the deformed location of. which isL(x.) =x.+adL(x. ), and considering that the process of
finding the correspondences introduces errors @& applications, our approach of non-rigid

registration aims to find a closed-form solutiorr fihe Ordinary Least-Squares problem:

min " . . . . .
. IX,'-L(x;)|. The solution can be derived by solving a systeniinear equations
c=1

expressing the model:



U=Sp

whereU is the displacement matrix between the correspuelpairs:

X-% % - W%
U:XZ'XZ yz' yz

=% Yoo Ya s
Sis the Cubic B-spline basis matrix:
(0,40, [Bg,] [ Dial [ B.s.l
S= [B,.0,,4] [B g 4] [ by [ B3]

[hn+0,jnﬂ] [bn+1j n+|] [ pn+ 2, n+] [ bn+ 3,HI+]

And p consists of the FFD parameters in a matrix:

dr; dr;
dar, dry

[dF?CX+O,jC+I] [dFi)C)in Cﬂ]
p _ [dR:(+1,jc+l ] [ dP:‘/l'lj A ]
[dRCX+2,jC+I ] [dFI):-/i-ZJ M ]

[R ] [AR%5 4]

aPy « dry \

(M"NJ 2.
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In both the B-Spline basis matr&and the FFD parameter matpx c refers to the index of a

corresponding feature pac<1,...n, and(ic, jc) are the smallest control-point indices, alang
andy directions, among all the indices for the sixteentrol points in the neighborhood of

feature locatiorx.. Also in matrixS [b ., ; 4] is the abbreviation for:

Ol = B(WEB(Y BYUEY B9 RY BUBY.

In the FFD parameter matrix, [dR ., ; 4] is the abbreviation for:
C’Fi+ch+0

ictk,jo+1

[dFi)c+k,jc+I] = JP ,

IC+k!jE+2

aP

IC+k!jE+3

Note that the column indices fff ., ; ,] in matrixSare the same as the row indices of
[0P . ;.«] Inmatrixp. Thus, based on this parametric FFD model, aedlésrm solution for

the control lattice deformation can be solved effitly utilizing Singular value Decomposition

(SVD) as: p=S'U, whereS' is the pseudo-inverse matrix &f

Experiments and Validation

This new image registration approach is very effitibecause it solves for both rigid and non-
rigid transformations in closed form, avoiding empie iterative optimizations in traditional
intensity-based methods. With elaborate featutectien and correspondence finding
mechanisms, the method is also fairly accuratee rébulting deformation field has been
demonstrated to be globally smooth, and minimibhesdistance between target features on the
fixed image and their corresponding features omibeing image after deformation. Because
FFD has local compact support, any outlier corredpace would only have very local influence
on the deformation field. Figure 2 shows featweaspondences and the estimated FFD
deformations for an exemplary image of the brairthls example, the moving image is a
phantom image generated by artificially deforming tegular FFD control lattice overlaid on
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the fixed image. Accordingly, the ground-truthaefied control lattice that originally generated
the moving image is known. By comparing the defation field recovered by the proposed
registration method with the ground truth deformiatithe accuracy of the registration method is
known. Figure 2 (lll) demonstrates such comparisioine estimated space deformation and

ground truth deformation for the exemplary brairage.

Future Trends

It remains challenging for intensity-based regtgramethods that are in use today to (1)
improve efficiency of the optimization process, d8§iregister images in arbitrary poses and be
less dependent on the initial pose (i.e. transfidonpestimate that starts the iterative parameter
estimation. Hybrid image registration methods tt@hbine the merits of intensity-based and
feature-based methods have good potential in asldgethese challenges as well as in tackling
difficulties such as partial matching and multi-rabdegistration. In one direction, user-
provided or automatically-extracted geometric feaduare integrated as part of an intensity-
based energy function [Shen et al. 2002, Hartkeat @002, Keller et al. 2003]. This approach
stems from the observation that pixels in an imabeuld not be treated equally during
registration, so by adding feature-based energypdethose salient features such as edges or
corners are given higher weight during optimizatiddaving both intensity and feature based
terms in one energy function, however, raises thestion on how to balance their respective
contributions. In another direction, much simitarthe method proposed in this chapter, an
overall feature-based framework is followed whezatfires are extracted, correspondences are
pursued and then transformations are estimatedrdingoto correspondences. Improvements
will come in the type of features to use and on howexploitgeometricandknowledge-based
prior constraints to eliminate outlier correspondendésang et al. 2004]. The salient-region
features in this chapter, for instance, allow fadtmmodal intensity-based similarity measures to
be applied to matching features. Scale-invariagdtléire Transform (SIFT) [Lowe 2004] and
other types of scale- or affine-invariant imagechas [Mikolajczyk et al. 2005] are also good
candidates for the choice of features. In termBnaling correspondences, SoftAssign [Chui et
al. 2000], RANSAC [Fischler et al. 1981], ExpeatatMaximization [Huang et al. 2004] are
some examples of robust matching; it is importaréxplore how to design the optimal matching
scheme for a particular type of feature. And gigerrespondences, there are mature techniques
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based on Ordinary or Weighted Least-Squares estimffan et al. 2002, Huang et al. 2006] for
global rigid transformations. In this chapter wavé shown how to estimate the non-rigid
deformations using a closed-form FFD solution, astther non-rigid methods describe
deformation estimation using Thin Plate Spline [Caual. 2000] or Radial Basis Function
[Fornefett et al. 1999] models.

Conclusion

We presented a novel method for efficient and rbmen-rigid image registration.
Instead of traditional point or edge features, iethod extracts scale-invariant salient region
features whose interior intensities can be matefs#ty multi-modal similarity measures such as
Mutual Information. Geometric constraints are &aiplin an Expectation-Maximization
framework to prune outlier feature matches. Gifesture correspondences, both the global
transformation and non-rigid local deformations banestimated in closed form as solutions of
well-defined Ordinary Least-Squares problems. Thethod represents a new trend of hybrid
image registration, which combines the efficiencyl detter invariance properties of feature-
based registration with the robustness and multiahoapability of intensity-based registration.
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Terms and Definitions

Image Registration — is the process of transforming different setsinsdge data into one
coordinate system and establishing point-by-pointrespondences between the images.
Registration is necessary to compare or integrata dcquired at different times or from
different measurements. Medical image registratmften requires nonrigid (or elastic)
registration to cope with elastic deformationsted body parts imaged. Nonrigid registration of

medical images can also be used to register anpatekata to an anatomical atlas.

Transformation Model — A transformation model represents in mathematicadea geometric
mapping of one space (or coordinate system) ontdthan or onto itself. Transformation can
cause some or all of the elements in an image sitape to change its current location. Such
transformations include global effects such asstedion, rotation, scaling, and local effects such
as nonrigid warping and various specialized defdiona.

Closed-form Solution -In Mathematics, an equation or a system of equsti®rsaid to have a
closed-form solution if, and only if, at least agwution can be expressed analytically in terms of
a bounded number of certawell-knownfunctions. Typically, these well-known functionsea
defined to be elementary functions built from aitinnumber of exponentials, logarithms,
constants, one variable, and roots of equatiormigtr composition and combinations using the
four elementary operations (+ - x +).

Least Squares -Also known as Ordinary Least Squares (OLS) analyisisa method to
determine the value of unknown quantities in aigteal model by minimizing the sum of the
residuals (i.e. the difference between the prediated observed values) squared. Many types of
optimization problems can be expressed in a lepsdres form, by either minimizing energy or
maximizing entropy. Weighted Least Squares (WLSjngilar to OLS, but instead of weighting
all points (or values) equally, they are weightadhsthat points with a greater weight contribute
more to parameter fitting.

Modality - The type of input in image acquisition. For ing@nblack-and-white, color and
infrared are three different modalities for the @sgion of a natural image. In medical imaging,
common modalities include Computed Tomography (®1ggnetic Resonance (MR) Imaging,
Positron Emission Tomography (PET), among others.
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Figure Legends

Figure 1. Registration of a pair of brain imagesngssalient region features and feature
correspondences. (l.a) Original PD-weighted MRrbmmage. (I.b) Original T1-weighted MR
brain image. (Il.a) The fixed imade(ll.b) Salient region features én(ll.c) The moving image

m. (Il.d) Salient region features om. (lll.a-b) Feature correspondences selected by the
Expectation-Maximization algorithm for global rewgation. (lll.c) The transformed moving
imaget that matches with (Ill.d) Edges front superimposed on the fixed imalge

Figure 2. Non-rigid image registration and vatida of the estimated deformation field. (I)

Region and corner feature-center points on thedfixeage (left), and corresponding feature-
center points on the moving image (right). Corresiyag points between the two images are
noted by the example numeric labels. (II) Noneigegistration result; fixed image (Il.a),

deformed moving image after registration which ppat-by-point correspondence with the
fixed image (11.b), and the original moving imadkd). (Ill) Comparison of the estimated space
deformation field (drawn in green) and the groumdht deformation (drawn in red).
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