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Analysis of multispectral or multitemporal images requires process in diagnosis, therapy planning, and assessment.
proper geometric alignment of the images to compare corre- The classical representation of medical images, printed on
sponding regions in each image volume. Retrospective three-di- radiological film and visualized using a light box, makes

mensional alignment or registration of multimodal medical images . int tati i biecti d litati
based on features intrinsic to the image data itself is complicated Image interpretation necessarily subjective and qualitative.

by their different photometric properties, by the complexity of the However, most modern medical image acquisition systems
anatomical objects in the scene and by the large variety of clinical generate digital images that can be processed by a computer
applications in which registration is involved. While the accuracy gnd transferred over computer networks. Digital imaging

of registration approaches based on matching of anatomical g1oys to extract objective, quantitative parameters from the
landmarks or object surfaces suffers from segmentation errors, . by i lvsis. Medical i Vs loit
voxel-based approaches consider all voxels in the image without 'Mad€s Dy Image analysis. vedical image analysis exploits

the need for segmentation. The recent introduction of the criterion _the numerical 'represent.ation of digita.I. images to deV(?'Op
of maximization of mutual information, a basic concept from image processing techniques that facilitate computer-aided
information theory, has proven to be a breakthrough in the field. interpretation of medical images.
While solutions for intrapatient affine registration based on this The continuing advancement of image acquisition tech-
concept are already commercially available, current research in | dth ting i t of radiological i
the field focuses on interpatient nonrigid matching. no °9y andtheresu '”9 |mpr0\{emep 9 radiologica |mag§
o S _ quality have led to an increasing clinical need and physi-
m;ﬁ)yr;"’ords_"“age registration, medical imaging, mutual infor-  ¢ian's demand for quantitative image interpretation in rou-
' tine practice, imposing new and more challenging require-
ments for medical image analysis. Typical applications in-
I. INTRODUCTION clude for instance volumetry of organs or lesions using CT
or MRI, morphometry of the brain using MR, correlation of
anatomical information from MRI with functional informa-
tion from PET, or the planning of therapeutic interventions
such as surgery or radiotherapy using CT images. However,
accurate quantification of structural and physiological pa-
rameters from medical images is often quite difficult, due to
the 3-D nature of the problem and due to limitations intrinsic
to the imaging process itself, such as insufficient contrast,
limited resolution, noise, inhomogeneities, or artifacts. Am-
biguity in the interpretation of the images introduces inter-

. . . ) and intraobserver variability in the measurements that may
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With current medical imaging modalities, such as com-
puted tomography (CT), magnetic resonance imaging
(MRI), or positron emission tomography (PET), it is
possible to routinely and minimally invasively acquire
three-dimensional (3-D) images of the internal organs of the
human body. These radiological images provide detailed in-
formation about anatomy and function of the imaged organs
and play an essential and crucial role in the medical decision

0018-9219/03$17.00 © 2003 IEEE

PROCEEDINGS OF THE IEEE, VOL. 91, NO. 10, OCTOBER 2003 1699



subject, acquired using the same or differentimaging modali- tiple sclerosis (MS); staging of metastatic mediastinal lymph
ties and possibly at different time points. One essential aspectnodes from CT and PET images in lung cancer patients; and
thereof is image registration, i.e., recovering the geometric planning of radiotherapy treatment of brain and prostate tu-
relationship between corresponding points in multiple im- mors from CT and MR images. All these registration applica-
ages of the same scene. While various more or less automatetions can be handled by a single software tool using a single
approaches for image registration have been proposed in th@egistration algorithm, without having to tune it to each spe-
field of medical imaging and image analysis, one strategy cific application at hand.

in particular, namely maximization of mutual information While affine image registration using MMI is well estab-
(MMI), has been extremely successful at automatically com- lished and used already in routine clinical practice, extension
puting the registration of 3-D multimodal medical images of the MMI criterion to nonrigid image registration is still an
of various organs from the image content itself. Mutual in- active area of research. The state-of-the-art of nonrigid image
formation (MI) is a basic concept from information theory, registration using MMI is reviewed in Section V.

that is applied in the context of image registration to measure In this paper, we focus on the application of MMI for
the amount of information that one image contains about the registration of 3-D image volumes. MMI has also been ap-
other. The MMI registration criterion postulates that Ml is plied for other registration problems, such as two-dimen-
maximal when the images are correctly aligned. MMI has sional (2-D)/3-D image registration [16], [78], registration of
been demonstrated to be a very general and powerful cri-surface models to 2-D and 3-D images [122], or registration
terion, that can be applied automatically and very reliably, in other contexts, such as microscopy [10] or histology [55].
without prior segmentation or preprocessing, on a large va- For an extensive survey of MMI registration applications we
riety of applications. This makes the method highly suited refer to [83].

for routine use in clinical practice.

This paper presents a review of the MMI registration cri-
terion and its application for 3-D medical image registration.
We start with a discussion of the need and requirements for Different imaging modalities, such as CT, MRI, and PET,
3-D medical image registration in Section I-A. Section I-B are based on different physical principles and capture dif-
reviews previous work on intensity-based image registration ferent and often complementary information. Many applica-
and situates the MMI criterion within the state-of-the-art at tions in clinical practice benefit from an integrated visualiza-
the time of its introduction in the field. The theory and imple- tion and combined analysis of such multimodal images. In
mentation of the MMI registration criterion are presented in radiotherapy planning, for instance, computation of the ra-
Section Il. The concept of mutual information is introduced diation dose distribution around the target volume is based
in Section 1I-A and the MMI registration criterion is formu- on CT, while the lesion to be radiated itself can often better
lated in Section 1I-B. This section also discusses some de-be discriminated and defined in the corresponding MRI scan.
fective aspects of the assumptions underlying MMI, which In neurology, functional information about the brain derived
are known to result in registration failures in some partic- from PET needs to be correlated with anatomical information
ular cases. The MMI registration algorithm as originally pre- from MRI. For the diagnosis of lung cancer, tumors can be
sented by Collignoet al.[17] is outlined in Section II-C. Al- easily detected in PET, but a CT scan is required for anatom-
ternative implementations, other Ml related registration mea- ical localization, etc. In many applications, it is also neces-
sures and extensions of the MMI approach are discussed insary to compare images acquired at a different time point,
Section II-D. such as: dynamic sequences of 3-D images, for instance,

Validation of the MMI registration criterion is discussed for functional analysis of the heart; followup studies, for in-
in Section IIl. Section IlI-A reviews the validation of the ro-  stance, for diagnosis of evolving disease processes such as
bustness of the MMI criterion with respect to implementation MS or for assessing the outcome of therapy; or pre- and post-
issues, such as image sampling, intensity interpolation, andoperatively acquired images, for instance, for validation of a
optimization strategy, and with respect to image related as-surgical intervention. Analysis of a single scene, i.e., the pa-
pects, such as image degradation and partial overlap of thetient, from multiple images assumes that the geometrical cor-
registered images. The accuracy of the MMI criterion has respondence or registration between these images is known,
been validated as part of the Retrospective Registration Eval-such that from the coordinates of a point in one image the
uation Project (RREP) conducted by Fitzpatratkal. [50] coordinates of the geometrically corresponding point in each
at Vanderbilt University, Nashville, TN, by comparison with  of the other images can be obtained. Anatomically identical
external marker based registration. The results of this study,points can then be precisely located and compared in each of
which are discussed in Section 111-B, demonstrate the sub-the images. The principle of image registration is illustrated
voxel accuracy of MMI for registration of CT, MR, and PET in Fig. 1.
images of the brain. In Section 1V, we illustrate the clinical While in some cases, the images may be assumed to
relevance of the MMI registration criterion for 3-D affine be aligned at acquisition, such as simultaneously acquired
image registration in a wide range of applications involving proton density (PD) and T2 weighted MR images or PET
CT, MR, and PET images of the head, the thorax, and the ab-transmission and emission images acquired without the
domen, including: registration of MR time series images of patient leaving the scanner, images acquired by different
the brain for the study of lesion evolution over time in mul- scanners or at different time points are usually acquired

A. Image Registration Problem
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multimodal images, a formal computer-based registration
procedure is required. The registration may be performed
manually by the user tuning the registration parameters as-
sisted by visualization software that supplies visual feedback
of the quality of the registration [75], [79], [98]. While such
subjective approach may be sufficient to support clinical
(b) © decisions in some applications, a more objective registration
measure is needed when higher accuracy is required, as in
brain surgery for instance, or if clear anatomical references

Fig. 1. Principle of 3-D image registration illustrated on CT and
MR brain images of the same subject. (a) Original CT slice. (b)

Original MR slice. (c) Slice through the reformatted CT image are missing or uncertain in one of the images, as when
volume that geometrically corresponds to image (b) after 3-D staging mediastinal tumors from PET and CT images, or
registration to the MR image. Note the rotation around the vertical h loit the b fi f digital |

axis. Points at the same position in both images are anatomically when one wants to .exp oit the .ene Its o . Igita 'mage
identical and can immediately be compared. Both images offer processing for quantitative analysis, as for instance in the
complementary information—CT shows primarily bony structures, fO||OWUp of MS lesion load over time from MRI. The
i.e., the skull, while MRI allows better differentiation of the internal . . . . . .
soft tissue brain structures. A lesion is clearly visible in the MR retrospective registration of 3-D multimodal images is,
image. therefore, a fundamental task in medical image processing.

For any image registration tool to be useful and successful

independent]y one of another and their relative position in clinical practice, it needs to be sufficiently accurate and
is generally unknown, unless specific provisions were reliable in all cases and the effort and time required by the
made prior to acquisition. In stereotactic brain surgery, for user should be minimal. These requirements can best be met
instance, a reference frame is rigidly attached to the skull Py automating the registration process as much as possible.
of the patient prior to image acquisition. The frame holds ~ Retrospective registration of 3-D medical images for clin-
a set of markers with known geometry and filled with an ical applications is not a trivial problem, due to the some-
appropriate contrast medium, such that they are clearly times large differences in patient positioning in the scanner,
visible as bright spots and easy to detect automatically in the differentimage content and resolution of the images, the
the images. From the position of all markers in each of the Possible presence of modality specific image degradations
image slices, the transformation from image coordinates and artifacts and of pathology induced distortions. Moreover,
to frame coordinates, and, hence, to patient coordinatespatientrelated changes over time may have occurred between
and vice versa, can be computed. If multiple images were both acquisitions, for instance because of a surgical inter-
acquired, the location of corresponding frame markers in vention. Another difficulty is the large variety of different
each of the images allows to compute the registration of applications in which image registration is important. These
one image to another (see [62] and references therein). Thedo not only involve radiological images of the head and the
accuracy of external frame based registration is usually very brain, but also of other organs, such as the thorax, the ab-
good and of the order of 1-2 mm, provided that registration domen, or the pelvic region. Each of these applications poses
errors induced by scanner miscalibration or by geometric Specific problems the registration method should be able to
distortion in the MR images have been minimized by cope with, such as for instance breathing induced motion ar-
proper calibration and appropriate selection of scan protoco| tifacts in case of the thorax or differences in bladder fl”lng
parameters, respectively. Less invasive and more patientin case of the pelvis. In many applications, local nonrigid
friendly skin markers have been developed, but these are lesdissue deformations are negligible or irrelevant and the geo-
accurate than bone-implanted or skull-fixated markers due metric relationship between the images to be registered can
to the nonrigid nature of the skin. However, external marker be modeled by a rigid or affine linear transformation, com-
based registration can not be applied in all applications, Posed of a 3-D translation and rotation and possibly also 3-D
such as registration of CT and MR images of the abdomen scaling and skew. The registration problem then consists of
for instance, and does not allow retrospective registration determining the 6 or 12 parameters of the rigid or affine ge-
of images acquired without markers attached to the patient.ometrical transformation that correctly aligns both images.
Retrospective registration requires procedures that allow In other applications, it may be needed to correct for local
to recover the registration transformation from the image nonrigid image distortions, for instance to compensate for
content itself. breathing induced deformations in the thorax, or to quantify
With the traditional film-based representation of 3-D local morphological differences from similar images of dif-
image volumes as a sequence of 2-D cross-sectional slicesferent subjects, for instance, for building geometrical models
the clinician mentally has to construct a picture of the 3-D Of the brain. In these cases, a more general nonrigid defor-
geometric relationship between the different sets of slices mation model, with typically much more degrees of freedom,
when jointly interpreting multiple image volumes, using needs to be used.
prior anatomical knowledge to combine the geometrical
clues provided by corresponding anatomical landmarks
visible in each of the images separately. It is clear that For an extensive overview and classification of medical
when one wants to exploit the benefits of digital imaging image registration techniques, we refer to Maintz [62],
and medical image processing for quantitative analysis of extending earlier overviews of [7], [70], [117]. Registration

B. Voxel Based Strategies for Image Registration
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procedures can be classified according to their registrationrequires segmentation of the images or delineation of
paradigm [62], i.e., the image features and the correspon-specific histogram regions to make the method work [103],
dence criterion used to compute the registration. Registrationwhile Woods’ criterion is based on additional assumptions
features are either extrinsic, i.e., relating to external objects concerning the relationship between the grey-values in
or markers introduced in the imaged space specifically for the different modalities, which reduces its applicability to
registration purposes, or intrinsic, i.e., based on the imagesome very specific multimodality combinations (PET/MR).
information generated by the object under study itself. Collignon et al. [18], inspired by the work of Hill and
Extrinsic registration can not be applied retrospectively. Woods, recognized the information theoretic nature of the
Intrinsic methods can be classified as either point based,image registration problem and proposed the much more
surface based or voxel basd®bint basedmethods rely on general notion of entropy of the grey-level scatter-plot as a
manually indicated anatomical landmarks or automatically new matching criterion. However, this measure is sensitive
computed geometrically salient points. Although very ver- to partial overlap of the images, as it does not account for
satile, these methods are labor-intensive if user interaction isthe fact that the information content of each of the images
required and their accuracy relies on the accurate localiza-separately within their region of overlap may not be constant
tion of a sufficient number of corresponding landmarks in all during registration.
modalities.Surface basedegistration requires delineation Finally, two different groups, Collignon and Maes al.
of corresponding surfaces in each of the images separately[17], [59] at KU Leuven, Belgium, and Viola and Welk&
However, surface segmentation algorithms are generallyal.[122], [124] at the Massachusetts Institute of Technology,
highly data and application dependent and difficult to Cambridge, almost simultaneously but independently of
automate, and surfaces are not easily identified in functional each other, introduced MMI of image intensities as a new
modalities such as PENoxel basedegistration methods  registration criterion. MI, or relative entropy, is a basic
optimize a functional measuring the similarity of all geo- concept from information theory, which can be considered a
metrically corresponding voxel pairs for some feature. Their nonlinear generalization of cross-correlation. Ml measures
main advantage is that feature calculation is straightforward the statistical dependence between two random variables or
or even absent when only grey-values are used, such thathe amount of information that one variable contains about
accuracy is not limited by segmentation errors as in point or the other [20]. The MMI registration criterion postulates
surface based methods. By extending the feature space fronthat the Ml of the image intensity values of corresponding
points to surfaces to all voxels in the image, knowledge of voxel pairs is maximal if the images are geometrically
point-to-point correspondences is traded for a larger set ofaligned. The information theoretical relationship of Ml with
samples that is accounted for by the similarity measure. the registration criteria of Hill and Woods is examined in
For intramodality registration, multiple voxel based [59]. The mathematical elegance, algorithmic simplicity
methods have been proposed that optimize some globaland spectacular robustness of the MMI registration criterion
measure of the absolute difference between correspondingmmediately attracted a lot of interest from the research
voxel intensities within overlapping parts or in a region of community. Related early work in this area includes the
interest [13], [32], [90], [121]. These criteria all rely on the work by Studholmeet al. [103], Pluim [82], and Meyeet
assumption that the intensities of the two images are linearly al. [51].1
correlated, which is generally not satisfied for intermodality
registration. Cross-correlation of feature images derived ||. THEORY OFIMAGE REGISTRATION USING MMI
from the original image data has been investigated using
geometrical features such as edges [64] and ridges [116] o
using especially designed intensity transformations [115]. Two discrete random variable4 and B with marginal
However, feature extraction may introduce new geometrical probability distributionsp 4(a) and pg(b) and joint prob-
errors, requires extra calculation time, and may be modality ability distribution p4g(a,b) are statistically independent
or application specific, which makes automation more if pas(a,b) = pa(a).ps(b), while they are maximally
difficult. Moreover, correlation of sparse features like edges
or ridges may have a very peaked optimum at the regis- !Historical footnote: Collignon and Maes formulated the MMI regis-

tration solution. but at the same time be rather insensitive tration criterion early 1995. It was presented orally by Collignon at the
! VRMED'95 conference in Nice, France, in April of that year [18], and

to m_'sreg|5trat|0n at Iarger distances, as all .nonedg.e OF first published in the proceedings of the IPMI'95 conference in Brest,
nonridge voxels correlate equally well. A multiresolution France, in June [17]. Aimost simultaneously, Viola and Wells presented
optimization strategy is, therefore, required, which is not their own formulation of MMI at ICCV’95 in Cambridge, MA, also in June

i disad it b tati I [122]. Hawkes, Hill, and Studholme, at UMDS, London, U.K., already
necessarlly a disadvantage, as It can be computationa yworking on histogram dispersion measures for image registration [42], got

attractive. informed about MMI by personal communication with Collignon and Maes

In the approach of Woodst al. [129] and Hill et al. during mutual visits between both groups in January and March, 1995.
At IPMI'95, Collignon’s enthusiasm about the new registration measure

[40], [42], misregiStratiqn. is measured by .the dis.persio.r} of was supported by Studholme’s comparison of MMI with other voxel-based
the scatter-plot or 2-D joint histogram of image intensities registration measures, which was presented at that same conference [103].

of Corresponding voxel pairs, which is assumed to be The group of Viergever, Maintz, and Pluim at ISI, Utrecht, the Netherlands,

. . . L . . started working on MMI in 1996 using software provided by Maes [82].
minimal in the registered position. Howe_ve_r, the_ dISp?I’SI_Oh Meyer attended Collignon’s presentation at CVRMED'95. His group was
measures they propose are largely heuristic. Hill's criterion the first to apply MMI for nonrigid matching [51].

IA. Mutual Information
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dependent if they are related by a one-to-one mapping Table 1

T: pa(a) p(T(a)) pap(a,T(a)). The mutual
information I(A, B) of A and B measures the degree of
dependence oft and B as the distance between the joint
distributionp 4 5 (a, b) and the distribution associated to the
case of complete independeneg(a).pp(b), by means of

the Kullback-Leibler measure [20], [114], i.e.,

b
ZPAB a,b)log I

3 pa(a).pp(b)’

I(A, B) 1)

Mutual information is related to the information theoretic
notion of entropy by the following equations:

I(A,B) =H(A) + H(B) — H(A, B) )
—H(A) - H(A|B) 3)
—H(B) — H(B|A) )

with H(A) and H(B) being the entropy ofA and B re-
spectively, H(A, B) their joint entropy, andH (A|B) and
H(BJ|A) the conditional entropy ofA given B and of B
given A, respectivelyH (A), H(A|B) andH (A, B) are de-

fined as
ZPA )logpa(a) (5)
H(A|B) = prAB a,b)1ogpajp=s(a)  (6)
H(A, B) azb:p,ug (a,b)logpa,p(a,b)  (7)

with p 4 —3(a) the conditional probability ofA given

B b. The entropyH(A) is known to be a measure
of the amount of uncertainty about the random variable
A, while H(A|B) is the amount of uncertainty left inl
when knowingB. Hence, from (3),/(A, B) is the reduc-
tion in the uncertainty of the random variable by the
knowledge of another random variahlg or, equivalently,
the amount of information thaB contains aboutd. If A
and B are independentp sp(a,b) pa(a).pp(b) and
I(A,B) = 0, while if A and B are one-to-one related,
I(A,B) = H(A) H(B). It can be shown [20] that
mutual information is nonnegativd (4, B) > 0) for any
two random variablegl and B. Some properties of mutual
information are summarized in Table 1 (see [114] for their
proof).

B. Mutual Information Registration Criterion

Multimodal images of the same scene represent measure-
ments of different properties of the objects in that scene. Al-

though the image intensities corresponding to the same ob-

ject may be very different between different modalities, in

general they are not independent observations as the under-
lying physical reality, i.e., the objects or tissues, are the same.
The intensity values in different images of the same scene at

image positions that correspond to the same location in 3-D

Some Properties of Mutual Information

Independence: I(A,B) = 0< pag(a,b) =pa(a).pp(b)
Symmetry: I(A, B) = I(B, A)
Self information: ~ I(A, A) = H(A)
Lower bound: I(A,B) >0
Upper bound: I(A,B) < min(H(A),H(B))
< (H(A)+ H(B))/2
< max(H(A), H(B))
< H(A,B)
< H(A)+ H(B)
Data processing: I(A,B) > I(A,T(B))

object, are not independent quantities, but are statistically re-
lated measurements. Knowledge of the outcome of one mea-
surement provides some information about the underlying
physical reality from which it was obtained and, therefore, re-
duces the uncertainty about the outcome expected from other
measurements of that same reality. This is intuitively clear for
modalities that capture information which is linked directly
to anatomy, such as X-ray attenuation in CT or water content
in MR, but also holds for modalities that represent different
kinds of information, such as anatomy in MR and function
in PET.

If A andB are two images that are geometrically related by
the registration transformatiofly, with parameters such
that voxelsp in A with intensity a physically correspond
to voxelsTq(p) in B with intensityb, the statistical depen-
dence betweem andb or the information that one value con-
tains about the other is measured by the mutual information
I(A, B) of the variablesA = {a} andB = {b}

a =A(p)
b=B(Ta(p))
B) :ZPAB((I b

PAB (0'7 b)

Jog2 3 @) 5 (D)

with pag(a,b), pa(a) andpp(b) the joint and marginal dis-
tributions of the pair4, b) and ofa andb, respectively. Esti-
mates for these distributions can be obtained by simple nor-
malization of the joint and marginal histograms of the over-
lapping parts of both images. The relationshigs (a, b) be-
tweena andb and, hence, their mutual informatidigA, B)
depends orTq, i.€., on the registration of the images. The
mutual information registration criterion postulates that the
images are geometrically aligned by the transformalign

for which (A, B) is maximal

o = arg max I(A, B).

If both marginal distribution®4(a) and pgp(b) can be
considered to be independent of the registration parameters

physical space, i.e., the same volume element of the samex, the Ml criterion reduces to minimizing the joint entropy
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H,p(A, B)[18]. If eitherp (a) or pp(b) is independent of Before registration
a, which is the case if one of the images is always com-
pletely contained in the other, the MI criterion reduces to
minimizing the conditional entropyf(A|B) or H(B|A).
However, if both images only partially overlap, which is very
likely during optimization, the volume of overlap will change
whena is varied and both marginal distributiopg (a) and
pgr(b) and, therefore, also their entropi&g A) and H(B)

will in general depend on.. The MI criterion takes this into
account explicitly, as becomes clear in (2), which can be in-
terpreted as follows [122]: “Maximizing mutual information
will tend to find as much as possible of the complexity that

MR intensity

is in the separate datasets (maximizing the first two terms) CT intensity
so that at the same time they explain each other well (mini-
mizing the last term).” @)
For I(A, B) to be useful as a registration criterion and After registration

well-behaved with respect to optimizatiof(A, B) should

vary smoothly as a function of misregistratien— o*|. This
requirespa(a), pa(b) andpap(a,b) to change smoothly
whena is varied, which will be the case if the image intensity
values are spatially correlated [59]. Although the formulation
of the Ml criterion suggests that spatial dependence of image
intensity values is not taken into account, such dependence is
in fact essential for the criterion to be well-behaved around
the registration solution.

The MMI registration criterion is illustrated in Fig. 2 for
the CT and MR brain images of Fig. 1. Fig. 2 shows the
2-D histogram of the image intensity values in a nonregis-
tered and in the registered position. If the images are properly CT intensity
aligned, the high-intensity values in the histogram of the CT (b)
image originating from the bone of the skull are most likely Fig. 2. Joint histogram of the volume of overlap of the CT and
to correspond to low-intensity values in the histogram of the MR images of Fig. 1: (a) before registratiof(C'T, M R) = 0.52;

MR image, resulting in a peak in their 2-D joint histogram. gi))oifttelgﬁqgrft{fatr'%gt(igg é;}ﬁ%ofa&?' Misregistration was

The uncertainty about the MR voxel intensity is, thus, largely

reduced if the corresponding CT voxel is known to be of high

intensity. This correspondence is lost in case of misregistra- data dependent, and does notimpose constraints on the image
tion, resulting in a much more dispersed histogram. The mu- content of the modalities involved. This explains the success
tual information between both images is, therefore, larger in of MMI for multimodal image registration in a wide range of
the registered than in a nonregistered position. Fig. 3 showsapplications involving various modality combinations, some
traces of Ml of the images of Fig. 1 for translation and ro- Of which are illustrated in Section IV.

tation around the registered position. These illustrate the ro- While originally introduced for intermodality image reg-
bustness and reliability of the MI criterion: within a large istration, MMI has also been used successfully for in-
range of—25 to +25 mm translation and-25 to +25° ro- tramodality image registration, for instance of serial MR
tation around the registered position there is only a single images [43], fMRI time-series images [27], or SPECT
strong optimum, which coincides with the correct registra- perfusion images [89]. In some studies, unimodal simi-
tion solution. larity measures, relying on minimizing intensity differences

Mutual information does not rely on the intensity values or maximizing intensity correlation, or measures specifi-
directly to measure correspondence between different im-cally designed for particular modality combinations were
ages, but on their relative occurrence in each of the imagesfound to perform equally well or better than MMI [4],
separately and co-occurrence in both images combined. Ag[78], [110]. However, the underlying assumptions of these
such it is insensitive to intensity permutations or one-to-one methods, especially the assumption that the intensities of
intensity transformations and is capable of handling posi- corresponding voxels in unimodal images to be registered
tive and negative intensity correlations simultaneously. Un- are identical, may be violated in practice, for instance due
like other voxel-based registration criteria, based on for in- to imaging artifacts such as noise or intensity inhomo-
stance intensity differences or intensity correlation, the Ml geneity, nonrigid tissue deformations not compensated for
criterion does not make limiting assumptions about the na- by affine image registration, or local contrast changes, for
ture of the relationship between the image intensities of cor- instance as a result of perfusion or brain activation. A sta-
responding voxels in the different modalities, which is highly tistical multimodal registration criterion such as MMI may,

MR intensity
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CTMRregistration A in PET emission images of other body regions, such as
the abdomen or the thorax, which are blurred by breathing
induced motion averaging and which typically only show
hot spots of functional activity against a fairly homogeneous
background as illustrated in Fig. 13. Consequently, correct
alignment of CT and PET emission images as in Fig. 13
may not coincide with a global or even local maximum of
MI and robust registration of thorax CT and PET emission
images directly using MMI is not feasible. Instead, PET
transmission images, aligned with the emission images and
showing similar anatomical content as the CT images but at
much lower resolution, have been used as intermediary as
described in Section IV-D [120].
‘ . ‘ . , . . . . Since Ml is computed from the joint intensity probability
2 5 08 (mni) oo 15 20 25 of both images th_at is e_stimated by_pooling contri_buti_ons
@ from everywhere in the image domain, the MMI criterion
o implicitly assumes that the statistical relationship between
CT/MR registration . . . .. .

: i : corresponding voxel intensities is identical over the whole
area of overlap. However, the photometric relationship be-
tween two multimodal images of the same scene may not be
spatially invariant if one of the images suffers from severe in-
tensity inhomogeneity. In particular, MMI is not well adapted
for registration involving images that show large shading ar-
tifacts, a typical example being MR images acquired using
surface coils [99], [107].

The MMl registration criterion assumes that the joint prob-
ability distribution of corresponding voxel intensities can be
estimated reliably at and near the registration solution. In
practice, this requires the volume of overlap at registration to
contain a sufficiently large number of voxels. For low-resolu-

, , . . tion images or if the region of overlap is small, the statistical
Fowtion (degress) o © relationship between both images needs to be derived from a

®) small number of samples, which is not robust. In these cases,
the computed MI may show multiple local optima around the
correct registration solution or the registered position may
not coincide with a local maximum of Ml [87], [106].
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Fig. 3. Traces of Ml of the CT and MR images of Fig. 1 for (a)
translation and (b) rotation around the registered position.

therefore, be preferred for unimodal registration as well C. Registration Algorithm and Implementation Issues

[43], [89]. We first describe the MMI registration algorithm as for-
Nevertheless, there are cases in which MMI fails as a reg- mulated by Collignon and Maet al.[17], [59]. Alternative
istration criterion. Such failures occur due to insufficient mu- formu|ations, imp|ementations1 and extensions are discussed
tual information in the images, ambiguity about the intensity in Section II-D.
relationship between both images if this is not Spatially in- The MM registration criterion does not require any pre-
variant, or |nab|I|ty to reliably estimate Ml if the number of processing or Segmentation of the images_ With each of the
image samples is small. image volumes is associated a 3-D world coordinate frame in
The fundamental assumption of MMI based registra- millimeter units with its origin at the center of the volume and
tion that image intensities in both images are related to its axes directed left/right, anterior/posterior, and inferior/su-
corresponding objects that should be aligned by registra- perior relative to the patient. The orientation of the image
tion, may be invalid if the information in both images is can be retrieved automatically from the information in the
very different. A typical example is the co-registration of image header recorded by the scanner. Voxel indices in each
anatomical information from CT and MR with functional image are translated into coordinates in millimeter by taking
information from PET. MMlI-based registration of CT the pixel size and the interslice spacing of each image into
and MR images of the brain to the corresponding PET account. Anisotropy in voxel size and differences in voxel
brain images has been demonstrated to be feasible withsize between both images are, thus, accounted for without re-
subvoxel accuracy [126], because in the brain the rigid body sampling the images first. One of the images to be registered
assumption is usually well satisfied and the PET images is selected to be thftoating image 7 from which samples
contain sufficient anatomical clues for the registration to s € S are taken and transformed by the geometric transfor-
be successful. However, such clues are much less apparentmation T with parameters into thereferenceimageR.
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e '3 the contribution of the image intensiff(s) of the samples

aremmine. d(Tog. me) — of F to the joint histogram is distributed over the intensity
NN: Tys T(i l)nz (Tas,ns) = ng values of all eight NNs off s on the grid ofR, using the
' A (‘}z )_ 2:3) 1 same weights as for trilinear interpolation. Each entry in
/() r(Tas)) += the joint histogram is then the sum of smoothly varying
ny na fractions of 1, such that the histogram changes smoothly
n4 n3 asa is varied. PV interpolation results in a continuous and
» - a.e. differentiable registration criterion. A variant thereof,
? ! 3 wi(Tas) = 1 trilinear partial intensity distribution (PI) interpolation, was
TRI: Tas r(ﬁ,s) =3 w;.r(n:) proposed in [58]: the image intensity valuéTq(s)) is
w3 | w4 ha(f(s)’T(T;S)) =1 computed first by trilinear interpolation and the contribution
of the samples to the joint histogram is distributed over the
M n2 bins (f(s), [r]) and (f(s), [r]) with weights[r] — » and
n4 n3 r — |r|, respectively, with r | the largest integer that is not
wy | wp larger than- and|[r| = |r] + 1.
V. . S wi(Tas) = 1 _ Espmatmns for the marginal and joint image mtens_lty dis-
: B Vi ha(£(s),r(ns)) +=w; tributionspr o(f), pr.a(r) andprr .« f,r) are obtained
' by normalization ofha(f,r) and the MI registration crite-
rion is evaluated using
ni no
n4 n3
S wi(Tas) =1 . prr,a(f,T)
i Ia) = , 1) log, ————"—~—(8
wo w1 T(Tas) — Ei w; r(n,) ( ) ; p]‘-Ra()‘/ ) 2 pyaa(f) pR,a(T)( )
PI: Tas r1 = [r(Tas)]) , r2 = [r(Tas)])
ws | wy ha(f(s),71) +=12 — r(Tas) ith
| ha(f(s),r2) += r(Tas) — 11 W
n ha(f,r
1 " prralfr) =5 h((x(f )r) ©
Fig. 4. Graphicalillustration of NN, TRI, PV, and Pl interpolation for '
in 2-D. NN and TRl interpolation find the reference image intensity )
value at positior¥, s and update the corresponding joint histogram p}‘,a(f) = Z p}'R,a(fv 7') (10)
entry, while PV and Pl interpolation distributes the contribution of r
this sample over multiple histogram entries using weights that are .
smooth functions of the registration parameters PR,OI(T) = Z pr,Ol(fv r). (11)
f

The optimal registration paramete¥$ are found by max-
imization of I(a). In [17], [59], Powell’'s multidimensional
direction set method [88] is used to maximikgx) (or min-
volume of overlaps € Sa C S of F andR is constructed imi;e —I{a)). The images are initially positione.d such that
by binning the image intensity pairg(s), r(Tea(s)) for all their cer_1ters coincide _and that the corresponding scan axes
s € Se. In order to do this efficiently, the floating and the of both images are aligned and have the same orientation.

reference image intensities are first linearly rescaled to the POWell's direction matrix is initialized with unit vectors in
range [0,n — 1] and [0,n% — 1] respectivelynr x nx each of the parameter directions. In [59], it is noted that

being the total number of bins in the joint histogram, with &N @ppropriate choice for the order in which the parameters
typically ny = ng = 256. In general Ta(s) will not are c_o_nS|dered_by Pov_vell's optimization r_nethod needs to be
coincide with a grid point ofR and interpolation of the spe_cn‘_led, as this r_naymfluence op'qmlzatmn robu_stness. For
reference image is needed to obtain the image intensity value®rain images, for instance, the horizontal translation and the
r(Ta(s)). Several interpolation schemes are graphically rotation around the vertical axis are more F:onstramed by the
depicted in Fig. 4 [59]. Nearest neighbor (NN) interpolation Shape of the head than the pitching rotation around the left
of R is generally insufficient to guarantee subvoxel accu- (O right horizontal axis. Therefore, it is suggested in [59] to

racy, as it is insensitive to translations up to 1 voxel. Other first align the images in the transversal plane by optimizing

interpolation methods, such as trilinear (TRI) or higher themTpIane transla_\thn a_nd rotation parameters first, in order
order interpolation, may introduce new intensity values to faC|I|tat(=T the o_ptlmlzauon of the out-of—plane_paramete.rs.
which are originally not present in the reference image, AS the optimization proceeds, the Powell algorithm may in-

leading to unpredictable changes in the marginal distribution froduce other optimization directions and change the order in
pr.a(r) of the reference image for small variationscofTo which these are considered [88].

avoid this problem, an alternative approach, namely trilinear . ) )

partial volume distribution (PV) interpolation, was proposed D- Alternative Implementations and Extensions

in [17] to update the joint histogram for each voxel pair =~ Various authors presented alternative optimization
(s, Tas). Instead of interpolating new intensity valuesin schemes for maximization df{a). Studholmeet al. [102],

S may include all voxels it or a subset thereof to increase
speed performance.
The joint image intensity histogramha(f,r) of the
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[104] use an heuristic search procedure in which the param- Other information-theoretic registration measures can
eters are one by one iteratively changed by small amountsbe derived from the mutual information criterion pre-
such as to maximize MI. Meyest al. [73] use a simplex  sented above, such as the entropy correlation coefficient
search method to optimize the parameters of an affine or thin ECC(A, B)[59] or the normalized mutual information
plate spline warped registration. Maetsal. [60] obtained NMI[106]:

analytic expressions for the gradient of Ml w.r.t. the affine

registration parameters, using partial volume distribution _ I(A,B)

interpolation, and compared multiple gradient and not ECC(A, B) 2'H(A) + H(B) (12)
gradient based optimization strategies in terms of precision H(A)+ H(B)

and speed. Thévenaz and Unser [110] presented a gradient NMI(A, B) H(A, B) (13)

based optimization strategy using analytic expressions for
the gradient of Ml computed using cubic spline based image with 0 < ECC < 1 andl < NMI < 2. ECC andNMI
interpolation and Parzen windowing of the joint intensity are one-to-one related lYCC' = 2.(1 — 1/NMI), such
histogram. Jenkinson and Smith [47] proposed a schemethat maximization of each of these measures is equivalent.
for global optimization of MI that combines a fast local while Maeset al.[59] reported that they could not establish
optimization method with an initial search phase, demon- gz clear preference fdEC'C' versus M for registration of full
strating improved robustness of their scheme compared toprain CT, MR, and PET images, Studholetel.[106] found
local search strategies in the context of affine intersubject that maximization ofV A/ I is superior to MMI itself in case
brain image registration. the region of overlap of both images is relatively small at the
Other schemes can be used to estimate the image intencorrect registration solution, as MMI may be biased toward
sity distributions in (8), for instance by using Parzen win- regjistration solutions with larger total amount of information
dowing [25] on a set of samples taken from the overlapping f(A) + H(B) within the region of overlap.
part of both images. This approach was used by \Vilal. Several authors have proposed adaptations of the Ml mea-
[122]. In this approach, the image intensity probability densi- sure to include spatial information that is contained in each
ties are estimated as a mixture of Gaussian distributions fromof the images separately, in order to increase registration ro-
a small number of samples by weighting each sample’s con-pustness and accuracy in cases where the joint intensity his-
tribution to the histogram with a Gaussian window function togram by itself is insufficient.
G. Afirst setA of N4 samples is used to estimate the densi-  Butz and Thiran [8] applied MMI not to the original inten-
tiesp7r (f,7), pA(f), andpz (r) by Parzen windowing as sities, but to an edgeness measure such as the gradient magni-
tude, indicative for the location of object surfaces. However,
A _ the fact that a lot of intensity information is discarded and
Prr(f:7) N Z GUf = Flsi)yr = (i) due to the sparseness of edge features, the edgeness-based
MI shows more and more pronounced local maxima, neces-
sitating the use of a genetic optimization strategy to find the
global optimum.
In the approach of Pluiret al.[84], spatial information is

s;i€A

and a second sé#& of Nz samples is used to estimate mutual
information as the log likelihood

Fs0), T(s'» incorporated in the registration criterion by multiplying Ml
= — Z 085 f‘fR . . with a gradient term that measures the coincidence of voxels
siEB (5:))-p (r(s:) in both images with strong gradients of similar orientation,

which is considered to be indicative of alignment of tissue
with typically N, = Np = 50. By replacing each of the transitions in both images. The combined measure was eval-
densities by a sum of Gaussians, analytic expressions are deudated for rigid-body registration of CT, MR, and PET brain
rived for stochastic approximations of mutual information images and was found to yield a smoother function than mu-
and its gradient. Steepest gradient descent is then used to findual information or its normalized version, to be less affected
the optimal registration transformation by maximization of by interpolation artifacts and to perform better for low-reso-
1. While stochastic sampling of the images increases speedution images.
performance, the fact that only a limited number of samples  Studholmeet al. [105] experimented with incorporating
is used, is likely to introduce local optima in the registra- additional information channels in the mutual information
tion criterion and reduce registration robustness. !k, criterion. In some difficult applications, such as registration
[124] reported a 90% success rate of convergence to near thef pelvic MR and PET images, Studholme observes that reg-
correct solution for a single pair of CT and MR images of istration on intensities alone may not provide a distinct op-
the brain in 111 registration trials starting from a random- timum due to a lack of differentiation between spatially un-
ized initial position using translational and rotational offsets connected regions in one modality which seem to be con-
for each axis uniformly selected in the range2p, 25] mm nected in the other. Incorporation of region labeling infor-
and [-10, +10°] around the registered position. Parzen win- mation is then useful to express region connectivity or higher
dowing was also used by Thévenaz and Unser [110] to esti-level anatomical information. In general, the mutual informa-
mate the joint probability distribution, but using B-splines as tion registration criterion can be straightforwardly extended
weighting functions instead. to the case in which two already registered imadesnd B
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have to be registered to a third ofieby expressing the mu-
tual information between the paid( B) andC' as

I(A, B;C)=H(A, B)— H(A, B|C)
=(H(A)+H(B|A))-(H(A|C)+H(B|A,C))
=(H(A)—-H(A|C))+(H(B|A)-H(B|A,C))
=I(A;C)+I1(B;C|A)

or as the sum of the information thatcontains abouf’ and
the additional information tha® contains about’ that is not
already contained inl.

Rueckertet al.[94] considered the cooccurence of neigh-
boring voxel intensities in each of the images to be regis-

tered and defined second-order mutual information to asses
the correspondence of intensities of adjacent voxel pairs in
bothimages, explicitly taking the dependence of neighboring
voxel intensities into account. The method was evaluated for

Inspired by the MMI registration criterion, Buzuagt al.
[9] and Bro-Nielsen [5] experimented with alternative his-
togram based registration measures motivated by convexity
arguments and by the literature on grey-level cooccurence
matrices respectively, but their approaches lack the mathe-
matical elegance of the mutual information registration cri-
terion.

I1l. V ALIDATION

A. Robustness

The robustness of the MMI registration algorithm was in-
vestigated by various authors with respect to implementation
issues such as (sub)sampling [59], [87], [104], optimization

60], [110], and especially interpolation [59], [83], [85],
[110]. Thurfjell et al. [113] and Zhu and Cochoff [130]
adopted the approach of [59] and studied the influence

nonrigid registration of brain MR images with simulated and of several implementation options, such as interpolation

real intensity inhomogeneity, showing that higher-order mu-
tual information is much less sensitive to shading artifacts
than traditional mutual information.

Mutual information I(A, B) is only one example of
the more generaf-information measures of dependence
f(P||Py x P»)[114] with P the set of joint probability
distributions P(A, B) and P; x P the set of joint proba-
bility distributions P(A) - P(B) assumingA and B to be
independentf-information is derived from the concept 6f
-divergencewhich is defined as

F(PIQ) = zq f (%)

with P = {pl,pQ, Ce ./} andQ = {ql7(]2, ey }, with an
appropriate choice fof and with suitable definitions when
¢; = 0. One example of -divergence is

L(P|Q) = —— b 1]

- ala—1) a-l

L i
with correspondingf-information

e e

Ia(PHPlXPg): -1

with Pij = P(LJ) andp; = ij,;j andp_j = Zip'ij'

1, equals Ml fora. — 1. Severalf-information measures,
including I, for various«, were investigated by Pluirat
al. [83], [86] and compared to MI in terms of accuracy of

method, number of histogram bins, optimization approach
and multiresolution strategy in the context of MR and

SPECT brain image registration, tuning the algorithm to-
ward optimal performance in terms of registration accuracy,
robustness and speed.

Different interpolation schemes used for histogram bin-
ning show different behavior of the Ml registration measure
in the neighborhood around the optimum, such that the sen-
sitivity of the registration solution to the initial positioning
of the images and to the optimization strategy used depends
on the choice of the interpolation method [59]. While NN
and TRl interpolation usually show many weak local optima
near the correct registration solution, PV interpolation yields
a smooth MI registration criterion with a large basin of at-
traction around the correct optimum [59]. However, PV in-
terpolation may introduce artifacts in the registration crite-
rion if the images to be registered have identical voxel grids
or if their voxel sizes are multiples of each other in one or
more dimensions [58]. Indeed, if the images are aligned such
that all or many of the voxels in both images coincide ex-
actly, many of the PV weights are zero and the histogram
dispersion introduced by the PV distribution scheme is less
at grid-aligning registration positions. Since PV histogram
dispersion increases again when moving away from such a
position in any direction, PV interpolation may yield a local
maximum of Ml at these positions (especially with low reso-
lution images with low spatial intensity correlation such that
neighboring voxels in the reference image are more likely to
contribute to different histogram bins). If the true registration
solution is sufficiently far away from a grid-aligning position
(for instance, if it involves significant rotation of one image

their optimum, robustness with respect to initial positioning relative to the other) and has a broad attraction range, these
and overall registration performance for rigid-body registra- local maxima are unlikely to have an impact on the optimiza-
tion of CT, MR, and PET brain images with marker-based tion process and it usually suffices to start the optimization
gold standard registration (taken from the RREP study [50], from an initial position in which the grids are not aligned (for
[126], see Section 111-B). In some cases, these measures werénstance, by specifying a nonzero initial rotation around one
found to outperform Ml in terms of accuracy when initiating or more axes). However, if the true registration differs very
the optimization with the reference solution itself, but not in little from a grid-aligning position, the optimization is likely
overall registration performance when starting the optimiza- to be attracted by the local maxima introduced by the PV
tion from an initial position further off from the reference. interpolation scheme itself, such that these PV interpolation
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Trace of MI for various interpolation schemes

artifacts are very likely to deteriorate registration robustness. -
Especially for recovering subvoxel small displacements of
images with identical grids (e.g., motion correction of fMRI

time series images) TRI interpolation is to be preferred [58].

The impact of PV interpolation induced artifacts on mu-
tual information based registration of clinical images was in-
vestigated extensively by Pluiet al.[85], who also showed
the occurrence of artifacts for TRI interpolation. While PV
interpolation yields local maxima of Ml at grid-aligning po-
sitions, TRI interpolation yields local minima at these po-
sitions. This is explained in [85] by the fact that TRI inter-
polation blurs the reference image, making noise and other
small scale structures disappear and therefore reducing his-
togram dispersion. At grid-aligning positions, however, no ‘ . . ‘ ‘ } . . .
blurring is applied and the joint entropy can, therefore, be 5 4 3 -2 -1 0 1 2 3 4 5
higher (and, hence, Ml smaller) for grid-aligning transforma- Slee transiation (in voxel)
tions than for nongrid-aligning transformations. An example @
illustrating PV and TRI interpolation artifacts is shown in Trace of MI for various interpolation schemes
Fig. 5. Pluimet al.[85] also showed that a small resampling
of one of the images, such that the voxel sizes of both im-
ages are no longer equal and grid alignment therefore cannot
occur, largely removes the interpolation artifacts and vastly
increases the smoothness of the registration function. The
impact thereof on registration accuracy was evaluated for
registration of CT and MR brain images with identical inter-
slice distance (taken from the RREP study [50], [126], see
Section IlI-B), but no significant difference in accuracy for
registration of CT to the original and to the resampled MR
images was found.

It has been shown that for high-resolution images sub-

samp_ling_of the_ flpati_ng image can be applied WiFhout 03, 5 s 25 5 3% VR E—
deteriorating optimization robustness of the MMI registra- Slice translation (in voxels)
tion criterion [60], [87]. Important speedups can, thus, be (b)

realized by using a multiresolution optimization strategy, Frig. 5. Traces of MI between an MR brain image and itself
starting with a coarsely sampled image for efficiency and translated in the slice direction. (a) Range frerfi to +5 voxels

increasing the resolution as the optimization proceeds for &0und the registered position. (b) Detail of (a). Note the local
minima and maxima for TRl and PV interpolation respectively at

accuracy [104], [110]. Multiple multiresolution strategies, grid-aligning positions at multiples of one voxel displacements. NN
involving different subsampling factors and number of interpolation is insensitive to translations up to one voxel, which

resolution levels and using various optimization methods, &XP/ains the staircase pattern.

were compared in [60], demonstrating possible speedups up

to a factor of three over the original method of [59] with of the results was significantly better for the MMI criterion
similar precision and without loss of robustness. Pl@m  than for the other criteria.

al. [87] found that the use of a multiresolution optimization Studholme [104] also verified the impact of partial overlap
strategy for MMl registration of low-resolution images, with  on registration robustness and found that clustering of regis-
and without resolution-dependent image blurring at each tration results obtained in his multistart experiments was best
resolution level, merely increased computation time without if the skull base was included in the registration and worse if
improving registration robustness. only the upper half of the CT dataset was used. In [59], it was
Studholme [103], [104] investigated the influence of the reported that registration of a single dataset of high resolution
initial positioning of the images on the registration result, CT and MR images of the brain using either the full images
comparing his implementation of the MMI criterion with  spanning the entire head or using only part of the datasets has
other voxel based similarity measures, such as Collignon’s only subvoxel influence on the registration result.
entropy measure [18], Hill's third-order moment [42], cross-  The robustness of the MMI criterion with respect to image
correlation and Wood'’s variance of intensity ratios measure degradations, such as noise, intensity inhomogeneity or geo-
[129]. Multistart experiments reported in [104] for a single metric distortion, was illustrated in [59] by inspecting the
CT and MR dataset of the brain showed that the standardbehavior of the MI criterion for registration of an original
deviation in the registration solutions was smaller than 0.1 MR image and its artificially degraded version. Different
mm for translation and 0.25or rotation and that clustering  degradations of the original image intensities were created
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Table 2

Quantitative Validation of Registration Accuracy of Various Registration Algorithms by Comparison
With External Marker Based Registration for Registration of CT, MR, and PET Images of the Brain
[126]. Registration Features are: Point Landmark Based (PB), Surface Based (SB), and Voxel Based
(VB). The Worst Case Median Error (in millimeters) for CT to MR and PET to MR Registration

Over All Six MR Scans Available per Patient as Reported in and Three in [126] and on the RREP
Website [50] fi.a = no results available). The Various Approaches Using Mutual

Information Differ in Implementation Issues and in the use of Mutual Information Versus

Normalized Mutual Information as Defined in (13).

Group Method CT/MR | PET/MR
Barillot [54] SB  chamfer matching 2.48 5.22
Collignon [17],[59] VB  mutual information 1.50 3.64
van den Elsen [115] VB intensity correlation 2.01 n.a.
Harkness [77] SB  head-hat distance 4.24 4.16
Hemler [37] SB  head-hat distance 4.70 n.a.
Hill [104] VB  mutual information 1.94 3.25
Maintz [64],[66],[65] VB  edgeness correlation 5.05 5.33
Malandain [67],[68],[69] | SB  potential field 5.42 4.85
Noz [61] PB elastic warp 7.80 5.17
Pelizzari [77] SB  head-hat distance 2.79 3.33
Robb [48],[49] SB  chamfer matching 5.90 3.85
Woods [129] VB intensity variance n.a. 3.36
Ashburner [2] VB tissue alignment n.a. 4.20
Chen VB  mutual information [59] 2.07 3.87
Ding [24] PB  template matching 2.47 4.16
Doll VB  mutual information [59] 2.67 6.37
Hsu [46] SB  edge features 2.51 4.82
Li VB  mutual information [59] 1.71 4.74
Lloret [57] VB creaseness correlation 3.41 n.a.
Ng VB  mutual information [124] 1.71 4.33
Ren VB  normalized mutual information [104] 1.96 4.42
Rodriguez [91] VB  mutual information 2.16 3.95
Rohlfing VB  normalized mutual information [104] 1.80 3.27
Rouet [93] SB  head-hat distance 4.52 n.a.
Tanacs VB  mutual information [59] 1.92 3.87
Thevenaz [110] VB  mutual information 2.04 5.03
Wyman VB  mutual information [124] 1.68 12.01
Zhu [130] VB  mutual information 2.26 3.38

by superimposing zero-mean Gaussian noise, by multiplica- patrick et al. at Vanderbilt University [50] and reported in
tion with a 2-D radially symmetric quadratic bias field and Westet al.[125]-[127]. The primary objective of this study
by simulating geometric distortion along one coordinate axis was ‘to perform a blinded evaluation of a group of retrospec-
using the magnetic field inhomogeneity model of [74]. In tive image registration techniques using as a gold standard a
these simulations, the MMI registration solution was not af- prospective, marker-based registration metfidohage vol-

fected by noise or (mild) intensity inhomogeneity: Ml de-

umes of three modalities (CT, MR, and PET) were obtained

creased when the degradation was more prominent, but in allfrom nine patients undergoing neurosurgery. Up to six dif-
experiments the location of its maximum was identical to the ferent MR images were available for each patient: T1, T2,
case when no degradation was applied. In the simulations in-and proton density weighted images and geometric distor-
volving geometric distortion, the registration solution shifted tion corrected versions thereof. A stereotactic frame and ad-
in the same direction and over a distance proportional to the ditional bone-implanted fiducial markers, designed to be vis-
average distortion applied.

B. Accuracy

The accuracy of the MMI registration algorithm was vali-

ible in CT, MR, and PET, were rigidly mounted to the skull
of each patient. The centroid of each marker was detected in
each of the images using the fiducial localization technique
described by Wangt al. [123]. The CT and PET images

dated within the framework of the RREP conducted by Fitz- were registered to the MR images by calculating the rigid
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body transformation that minimizes the mean square distance
between corresponding marker positions in the two images.
The rigid body assumption is well satisfied inside the skull
in 3-D scans of the head if scanner miscalibration, geometric
distortion of the images and patient related changes, for in-
stance due to interscanning interventions, can be neglected.
These marker-based transformations were used as the gold
standard for evaluation of the retrospective methods. The ac-
curacy of this reference was estimated by numerical estima-
tions to be 0.4 mm for CT to MR and 1.7 mm for PET to
MR registration [72], [126]. To ensure blindness of the study,
the frame and the fiducial markers were removed from the
images by manual editing, approximately reconstructing the
image background in manually outlined regions containing
these structures. The gold standard results were not commu-
nicated to the participants in the study until after their results
had been submitted. The transformation differences between
the reference and the submitted transformations were evalu-
ated at 10 anatomically relevant volumes of interest (VOI) in
the brain. Since results for different VOIs were all very sim-
ilar, results were pooled over all VOIs. The median and max- Fig. 6. Visual comparison between the marker-based reference
. . . . registration transformation (top) and the MMI registration solution
imal error over all sites and all patients were reported in [126] (middie) for CT to MR registration, showing the same orthogonal
for each method that participated in the study. These resultsSMR slices and similar iso-intensity contours extracted from the
are summarized in Table 2, together with results by some corresponding reformatted CT slices after registration with either
. of both transformations. Overlay of both sets of contours (bottom)
other groups on the same data sets that were submitted aﬂegmd comparison of the contours on the axial and sagittal slices seem
the initial publication [126] and that are publicly available on to indicate that the accuracy of the MMI solution is superior to
the RREP website [50]. Although the number of registration that of the reference transformation itself. However, this ignores
. . . the possibility of geometric distortion of the images that may affect
experiments performed in this StUdy was too small to draw the registration result (see text for discussion). This image was
statistically significant conclusions regarding relative perfor- generated with the multipurpose imaging tool (MPITool) developed
mance of different methods, it is clear that some methods by Uwe Pietrzyk and colleagues at the Max-Planck-Institut fiir
performed better than others. Two groups that participated in neurologische Forschung in Koln [791-{81].
the initial RREP study [126] (Hill and Collignon in Table 2)
submitted registration results computed with (different im- MMI registration result for one set of CT and PD weighted
plementations of) the MMI registration criterion. The RREP MR images (RREP patient 101). The figure shows three
evaluation shows that the results submitted by both groupsorthogonal slices from the MR image with the outline of
differ almost always by less than a voxel from the external the skull overlaid, extracted by intensity thresholding from
marker based registration solution, both for CT/MR and for the geometrically corresponding slices from the registered
PET/MR registration, which provides strong evidence for the and reformatted CT image. In the first set of MR images in
subvoxel accuracy of the MMI approach. Fig. 6, the CT image was registered to the MR image using
While the CT and MR images in the original RREP study the reference registration transformation, while the contours
as reported in [126] had an interslice distance of 4 mm, a on the second set of MR images in Fig. 6 were obtained
second series of nine patient data sets with higher resolutionwith the MMI registration solution. In both cases the same
CT and MR images and their gold standard reference regis-CT intensity threshold was used to define the contours. The
tration solution has been made available by Vanderbilt Uni- third set of images in Fig. 6 shows both contours overlaid to
versity [50]. Each setincludes one CT image (3-mm slice dis- mark the difference between both. The difference between
tance) and up to four MR images (T1, T2, and PD weighted, the RREP reference and the MMI rigid-body registration
3-mm slice distance; and T1 weighted, 1.25-1.66-mm slice transformation in this case was found to be small in the
distance). We measured the difference between the referenceight/left and inferior/superior direction (0.08 and 0.34
registration solution and the MMI registration result obtained mm, respectively), but much larger in the anterior/posterior
with the algorithm of Maest al.[59] at eight points located  direction (2.92 mm or about 3.5 pixels). When visually
near and well distributed over the brain surface to obtain an comparing the contours on the axial and on the sagittal
upper bound for the MMI registration error within the brain. slices obtained with both transformations, it seems that the
Mean errors over all cases ranged from 0.5 to 1.7 mm for reference registration transformation places the skull in the
the high resolution MR images and from 1 to 3.1 mm for the CT image too much anterior relative to the skin visible in the
lower resolution MR images [58]. All errors are thus smaller MR image, aligning the outer surface of the skull in CT with
than or at most as large as one CT voxel. the outer surface of the skin in MR. The MMI registration
Fig. 6 shows a visual comparison between the RREP solution on the other hand seems to correctly align both the
marker-based reference registration transformation and theinner and the outer CT skull surface to the MR brain and
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skin surface, respectively, and, at first sight, seems more
accurate than the marker-based reference transformation in
this case. A similar misregistration of 2.3 mm on average in
the same direction is observed for CT/MR registration using
MMI involving the other PD images in the study (RREP
patients 101-104).

However, a possible explanation for the observed discrep-
ancy between both registration solutions may be the pres-
ence of geometric distortion in the MR image, caused for in-
stance by magnetic field inhomogeneity, gradient nonlinear-
ities, magnetic susceptibility, or chemical shift artifacts [74],
[109]. Such distortion is most apparent in the direction of
the readout gradient, which coincides with the anterior/pos-
terior axis for the RREP images [71]. Different sources of
geometric distortion may have a different impact on both the
extrinsic, marker-based, and intrinsic, image-feature-based
registration [22], [38], [71], [108], each being more sensi-
tive to some particular distortion sources and rather insen-
sitive to others. The accuracy of marker-based registration
may .be affected for Ir.]StanC.e by displacement of t.he marker. Fig. 7. Registered and reformatted CT and MR images of
position as observed in the images due to magnetic Susceptitne prain of a patient showing a lesion. After registration and
bility artifact at the air/skin interface [22]. Voxel-based reg- reformatting, the images can be jointly visualized and use of a
istration, on the other hand, may be biased for instance bylinked cursor allows to delinee_ite contours in one image and_transfer
displacement of the skin relative to the skull in the direction :Eesit?l tfhe other for comparison, (a) CT. (0) MR. (c) Blending of

e skull from CT with the brain tissues from MR demonstrates the
of the readout-gradient due to chemical shift between fat and high quality of the registration result.
water at the skin/skull interface. (While chemical shift arti-
facts in MR imaging can be effectively suppressed by a va- tial for routine use in clinical practice in a variety of applica-
riety of measures [74], [108], they can not be neglected in the tions, involving various organs and imaging modalities. We
RREP images due to the small readout gradient used. Fromillustrate some of these applications here.
the imaging parameters mentioned in [126] and using [74, - ) ) )
(18)], the expected displacement between fat and water inA. W|th|n-_Subject Registration of CT, MR, and PET Images
these images is 3.5 mm, which is of the same order as the©f the Brain
MMI registration error). Visual inspection of registration dif- The MMI criterion has been demonstrated to consistently
ferences as in Fig. 6 is, therefore, not a reliable approach forand robustly match CT to MR and PET to MR images
evaluating absolute registration accuracy. with subvoxel accuracy [126]. We have applied the method

The effect of geometric distortion correction on registra-
tion accuracy [38], [71] was investigated in the initial RREP
study [126] by also providing MR images that were corrected
for geometric distortion using the image rectification tech-
nigue of Chang and Fitzpatrick [12]. A significant decrease
in registration error was reported only for Collignon’s MMI
registration of CT and T2-weighted MR images. Maes [58]

successfully in a large number of experiments (more than
500) involving low- and high-resolution MR images (5-

to 1-mm slice thickness) with multiple orientations (axial,

coronal, and sagittal) and acquired with various imaging
protocols (T1 and T2 weighted, proton density, gadolinium
enhanced, diffusion weighted), high resolution MR angiog-
raphy (MRA) images, conventional and spiral CT images,

observed a clear tendency toward lower registration errorsPET and SPECT images. Clinical applications of MMI
and a significant increase of Ml at registration for registra- based image registration we have experience with include:
tion of CT and PET to the corrected instead of the original planning of stereotactic surgery from CT and MR images;
MR images, indicating that the applied geometric distortion diagnosis of brain tumors from MR and PET images;
correction indeed globally improves the geometric similarity assessing MS lesion evolution over time from MR time
of both images and, hence, the registration accuracy. In ap-series images; brain morphometry from multiprotocol MR
plications where accurate registration is crucial, such as forimages; and motion correction in the analysis of functional
instance the use of MR images for target identification and MRI (fMRI) time series and MR perfusion imaging. Some
trajectory planning in stereotactic neurosurgery [33], opti- selected results are shown in Figs. 7-9.
mization of the MR imaging protocols is needed to minimize
confounding effects of geometric distortion artifacts on the B. Template-to-Patient Registration of MR Brain Images
registration result [74]. Correlation of functional MRI data obtained from dif-
ferent individuals can be achieved by registration of the
corresponding anatomical MR images with a fixed template
Because of its reliability and generality and because of its image, for instance using the Statistical Parameter Mapping
full automation, image registration by MMI has large poten- (SPM) software package developed by Fristiral. [28],

IV. APPLICATIONS
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Fig. 8. Registered and reformatted T2-weighted MR images of
the brain of an MS patient at four different time points over a period
of one year. Registration of such MR time series images allows to
assess the evolution of typical MS white matter lesions over time.

Fig. 9. Registered and reformatted MR images of the brain of an
MS patient at a single time point. (a) T1 weighted. (b) T2 weighted.
(c) Proton density. (d) Fluid attenuated inversion recovery (FLAIR)
image. Availability of such coregistered multispectral MR brain
images facilitates the segmentation of white and gray matter tissue
and of the white matter lesions by (semi-)automated intensity-based
classification algorithms.

Fig. 10. Registration of PET and MR images of the brain of

a patient undergoing stereotactic surgery. The MR image was
acquired with the patient wearing the stereotactic reference frame
with external markers attached. Intensity-based registration of the
previously acquired PET image with the MR image using MMI
allows to transfer the PET image into the stereotactic space and to
plan the surgical intervention based on MR and PET information
combined.

Fig. 11. Alignment of a template brain image to a patient MR
brain image by affine image registration: (a) axial; (b) coronal; and
(c) sagittal slice of the template overlaid on the registered patient
image.

tient image registration allows to map the information of the
atlas onto the image. Each voxel in the patient image can,
thus, be assigned anpriori probability for tissue type that
can be used to guide intensity-based tissue classification
[118].

Since the MMI registration criterion is multimodal and
highly robust with respect to contrast differences, the
method is well suited to co-register MR images acquired
using different protocols to a single template, without need
for tuning the algorithm each time or without having to
specify different templates. A typical result is shown in
Fig. 11. The template has 2-mm cubic voxels and size
91x 109x 91. The patient MR image has 1-mm cubic
voxels and dimensions 256256 x 160. The registration is
computed from the template to the patient image using a full
12-parameter affine transformation. Fig. 11 shows overlays
of an axial, coronal, and sagittal slice of the template on
the registered MR image. Because of the variability of the
brain topology, the rigid body assumption is not satisfied

[29]. The template provided by SPM has been normalized in this case, but the MMI criterion succeeds at finding such
to Talairach space, such that after registration of each of an affine transformation that on average very well matches
the study images to the template, functional measurementscorresponding structures in both images. Visual inspection
from different individuals can be compared using Talairach of the registration results on a large number of cases demon-
coordinates. SPM also provides a statistical atlas of the strated the excellent performance of the MMI registration
distribution of white matter, gray matter, and CSF within the criterion for affine template-to-subject registration in the
brain that is co-registered with the template. Template-to-pa- context of atlas-based brain tissue segmentation [119].
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C. Registration of CT and MR Images of the Prostate

Target delineation and dose distribution computation in
the planning of radiotherapy treatment of prostate cancer
is usually performed on CT images. However, there is
some indication that the prostate, and especially its apex,
can be more reliably and accurately delineated on MR
images, especially when both transversally and coronally
oriented MR cross-sections are considered (see [23] and the
references therein). Registration of both scans allows to map
the boundary contours of the objects of interest delineated
in the MR images onto the corresponding locations in the
CT image, such that the relevant information of both scans
(object discrimination in MR, tissue density in CT) can be
effectively combined during planning.

In an initial study involving ten patients [23], spiral CT
images (51& 512 matrix, 50 slices, 0.7-mm pixel size, Fig. 12. Registered and reformatted CT and MR images of the
5-mm slice thickness) were acquired in radiation position, prostate used for radiotherapy planning. The CT image (left)
while MR images (51% 512, 22 slices, 0.7-mm pixel is needed for dose distribution simulation, while the target
size, 5-mm slice thickness) were acquired using a standard;’r?'“me and organs at risk can be more accurately delineated in

. . . e corresponding MR image (right). The central part of either
abdominal imaging protocol. Care was taken to have all image has been shown in overlay on top of the other for visual
1fle Itage acquisition done with empty badder and rectum. L O on 1o lotal noigid deformations, i this case
The time b_etwe?n both vaUISItlor,]S_ was'kept ata minimum, induced by the different table shape of both scannérs. The rigid
such that intestinal and bladder filling differences between pony structures are matched correctly, despite the presence of large
both scans were small. The images were aligned with a deformations of the soft tissue structures. (b) In clinical practice,
rigid-body registration transformation, which was computed gvt(’)?;;dg'Isa‘r’éaecﬁ’;é;’lqi;gig;é?é’rfotﬁsrg'e'“tv'\fetfé\gﬁ]fcb;i :hape'
completely automatically using MMI without user interven-
tion. After registration, the images were reformatted and o ] ) )
visualized together and the registration result was visually Put localization of lesions, essential for adequate staging,

inspected by assessing the alignment of corresponding rigidiS difficult due to the little anatomic references on PET
structures in both images, such as the pelvic bone. In allimages. Registration of the PET and CT images allows

cases, the registration result was judged to be excellentl© €fféctively combine the information contained in both
by radiologists. The study [23] concluded that the addi- modalities, i.e., to d_etect _the metastatic nodes in PET and
tional use of axial and coronal MR scans, in designing the !0cate them anatomically in CT. _ _
treatment plan for localized prostate carcinoma, improves SPiral CT images of the thorax are acquired using a stan-
substantially the localization accuracy of the prostatic apex dard imaging protocol with a matrix of 532512 pixels, typ-
and of the anterior aspect of the rectum, resulting in a better i€@lly 50 slices and 5-mm slice thickness, while the PET im-

coverage of the prostate and a potential to reduce the volume?9€s have a 128 128 matrix, typically 30 slices and 6-mm
of the rectum irradiated to a high dose. slice thickness. The patients are positioned similarly for both

Atypical registration result is illustrated in Fig. 12(a). De- &cquisitions with the arms beside the body. PET transmis-
spite the presence of large local nonrigid deformations of soft SI0n images are acquired prior to the FDG emission images
tissues, such as skin, fat and muscles, induced by the dif-in the same sesspn_Wlthout the patle_nt leaving the scanner
ferent table shape of both scanners, the MMI criterion in this @PIe. The transmission images contain more anatomical in-
case succeeded at aligning corresponding rigid structures information than the emission images and are therefore more
the images without being confused by structures that can notSuited for registration with CT. The PET transmission and
be aligned by a rigid-body transformation. Nevertheless, in CT images are registered completely automatically with the
order to minimize the possible impact of such large tissue dis- MM! registration algorithm without any preprocessing of the
tortions on registration robustness when applying the methodMages. After registration, the PET transmission images are
in clinical routine, it is recommended to avoid large differ- réformatted to the CT image grid to make use of the full res-
ences in patient positioning, for instance by placing a board °lution of the CT. The quality of the registration is visually
on the CT table to mimic the flat shape of the MR table inspected by radlolog|sts_u3|ngthe carina, the trachea and the
[Fig. 12(b)]. lung contours as anatomical landmarks. The same reformat-

ting is applied to the PET emission images, assuming that

the emission and transmission images are aligned by acqui-

sition. The registered CT and PET emission images are then
Joint interpretation of PET and CT images of the thorax used for localization of MLN. A typical result is shown in

aids the detection and staging of metastatic mediastinalFig. 13.

lymph nodes (MLN) in patients with lung cancer [120]. To investigate the benefit of PET/CT registration for lung

PET is more accurate for detecting MLN than CT thorax, cancer staging, a study has been conducted at our institu-

D. Registration of PET and CT Images of the Thorax
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(b)

Fig. 14. Matching of pre- and post-operative CT images of the
lower jaw of a child with an innate alveolar cleft in the jawbone after
bone graft transplantation. (a) Pre-operative image. (b)Registered
and reformatted post-operative image. Contours delineated on

the co-registered images using a linked cursor allow to evaluate
registration accuracy. Although morphological changes due to bone
growth are clearly present, these do not impair the algorithm from
finding the globally best rigid transform between both images.

Fig. 13. Registration of PET and CT images of the thorax for

mediastinum cancer staging. (a) CT image. (b) PET transmission pre- and post-operatively. The images were registered com-
image. (c) PET emission image. Top: axial cross-section. Middle:

coronal cross-section. Bottom: sagittal cross-section. The PET pletely agtomgtlcally a,nd without prg-pro_cessmg using the
transmission image was matched to the CT image, assuming MMI registration criterion. After registration, the pre-op-
ar:ignment at aé:_quisitiqn of the PET tTrﬁnslgnEiision ima%e witg erative image was reformatted to match the post-operative
the corresponding emission image. The images have been ; ; ; ; ;
reformatted to the CT grid to make use of the higher resolution of |mage_3 and the re_sult was V_Isua_"y mSpeCtEd by a ra(_jIOIOQISt'
the CT image. Hot spots detected in the PET emission image can A typical result is shown in Fig. 14. Contours delineated
easily be located and anatomically identified in the CT image using in one image and transferred to the other allow to inspect

alinked cursor. the registration accuracy. Note that in the nine month

period between both acquisitions morphological changes
tion involving 50 patients [120]. Registration of the medi- have occurred due to bone growth, teeth movement, and
astinum was considered very good and clinically relevant in surgery. However, these nonrigid movements do not impair
all cases. The efficiency of the automated and highly reliable the registration algorithm to find the rigid transform that
MMI registration algorithm has now changed the whole diag- globally very well aligns both images.
nostic procedure. Currently, at our institution, PET-CT reg-
istration is used in clinical routine to decide on lung cancer V. NONRIGID IMAGE MATCHING USING MMI
treatment_ for t.WO p_atients a w_eek. Weekly_clinical _sessions Nonrigid registration or matching of 3-D images involves
are organized in which the available image information, after finding a 3-D field of 3-D deformation vectors that maps
registration and after post-processing to indicate the relevanteaCh point in one image onto the corresponding point in the

structures, is studie_d _jointly by pneumolo_gists_, thorax sur- other image. Nonrigid image to image registration warps one
geons, nuclear medicine experts, and radiologists. image toward a second one such that all objects in the warped
image precisely coincide with the corresponding objects in

E. Registration of Pre- and Post-Operative CT Images the target image. In contrast with affine registration, which
d)nly allows for translation, rotation, scaling or skew of one
Image relative to another in order to establish global align-
ment of both images all over the image domain as illus-
trated in Section IV, nonrigid registration allows displace-
ment of individual voxels such that local, regional distortions
between both images can be corrected for up to voxel scale.

Various approaches for multimodal nonrigid image regis-
tration using MMI have been proposed that differ in their reg-
oularization of the deformation field and in the way the vari-
ation of MI with changes in the deformation parameters is
computed.

Complicated bone surgery procedures can be planned an
simulated using pre-operatively acquired CT images. The
outcome of the intervention can be evaluated by comparing
post-operatively acquired CT images with the pre-operative
planning, after proper registration of pre- and post-operative
images. One such application is illustrated in Fig. 14. In this
study, the value of spiral CT imaging was investigated in
planning and evaluation of chin bone grafts in alveolar cleft
patients. Pre- and post-operative CT images were acquire
two weeks before and nine months after the operation. Reg-
istration of pre- and post-operative images allowed to define
the cleft region in the pre-operative image and localize the o i i
same area in the post-operative image, such that the condi# Regularization of the Deformation Field
tion of the transplant can be followed over time. While the affine registration transformation is defined by

The procedure was applied to eight patients, all chil- not more than 12 parameters or degrees of freedom, non-
dren between eight and ten years old. Spiral CT imagesrigid registration typically requires much more degrees of
(512x 512, 40-70 slices, 0.2-mm pixel size, 1-mm slice freedom in order to make the deformation field sufficiently
thickness were acquired using standard imaging protocolsflexible to correctly match both images everywhere in the
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image domain. In its most general form, nonrigid image tional complexity, especially when using basis functions
registration allows each voxel to be displaced independently with global support.
from its neighbors with as much as 3 degrees of freedom per Free-form nonrigid registration approaches, using a
voxel if no additional constraints are specified. For nonrigid nonparameterized expression for the deformation field, are
matching of 2 high resolution 256256x 128 images of  in general more flexible than representations using basis
the brain for instance with more than 8 million voxels each, functions, but need appropriate smoothness constraints for
more than 25 million parameters need to be determined tospatial regularization of the resulting vector field. Such con-
define the deformation field when allowing unconstrained, straints can be imposed by including additional cost terms in
free-form deformation of all voxels individually. However, the similarity metric that penalize nonsmooth deformations
3-D displacement of all voxels independently is undesirable, [36], [52] or by modeling the deforming image as a linear
as it is likely to result in a deformation field that is not elastic [3], [31] or viscous fluid [14] material. Elasticity
consistent with deformations of real materials, for instance constraints are suitable when displacements can be assumed
implying folding of the coordinate system causing adjacent to be small, while a viscous fluid model is more appropriate
structures to “cross over” one another [15]. Moreover, the when large deformations need to be recovered. Tissues
nonrigid image registration problem is ill-posed because the deform under the influence of local image-derived forces,
images most often do not contain the necessary informationdefined such that the resulting displacements optimize
to uniquely define the nonrigid registration solution in every the registration criterion. Smoothness of the deformation
voxel in the image domain, for instance inside regions with field is imposed by the elasticity or viscosity terms of the
homogeneous intensity or along smooth object boundaries.Lagrangian partial differential equation (PDE) that governs
Regularization of the registration problem is, therefore, tissue motion. Numerical schemes for solving this equation
required to constrain the solution space to include only iteratively at voxel resolution over the entire 3-D image
deformation fields that are physically acceptable and to domain are computationally demanding, especially with
smoothly propagate or extrapolate the registration solution fluid models allowing large deformations [14]. Much faster,
from sites with salient registration features (e.g., object simplified schemes have been presented that approximate
boundaries) toward regions where registration clues arethe PDE regularization by Gaussian filtering of the force
absent or ambiguous (e.g., object interior). The deformation field [111], [112], [6], [128]. Free-form nonrigid registration
field to be recovered is typically assumed to be a home- methods using MMI have been proposed using elastic [39]
omorphism, i.e., a continuous, one-to-one and topology and viscous fluid [21] models.
preserving mapping [15]. The assumption that there exists Rather than using a purely mathematical approach, an
a one-to-one mapping between the images to be registerechppropriate deformation model can also be constructed by
may be violated in case of important variability in topology statistical analysis or be inspired by physics-based [101]
between corresponding objects, for instance in the sulcalor biomechanical arguments. Regional morphological vari-
and gyral patterns of the cortex [19]. ability in the image and correlations between deformations
One approach for regularization of the nonrigid registra- in different image regions can be learned from a set of
tion solution is the representation of the deformation field similar images that are all registered to the same template
as a weighted sum of smooth basis functions. The basisby statistical analysis of the parameters of their deformation
functions can have global support, i.e., spanning the entirefields [95]. The deformation field of new, similar cases to be
image domain such as thin plate spline [73], polynomial registered can then in principle be constrained by the modes
[45], Gaussian [53] or trigonometric functions [1], or local of variation observed in the training set, provided that the
support, i.e., being nonzero in a subregion only, such astraining set is sufficiently representative. Biomechanical
B-splines [96], [101] or localized radial basis functions [92]. models on the other hand take material properties of the
When using basis functions such as splines, the numbervarious tissues into account to impose tissue specific defor-
and distribution of spline control points determines the mation constraints. These methods are often implemented
elasticity of the deformation and the number of degrees using a finite element model defined on the voxel grid [34]
of freedom. This can be much smaller than the number of or on a volumetric meshing of the objects of interest [26],
voxels, especially when using a multiresolution strategy after appropriate segmentation of the various tissue classes.
with a small number of sparsely distributed control points at We are not aware of any works using MMI for nonrigid
coarse resolution levels and a larger number of more denselyimage registration in combination with a biomechanical
distributed control points at finer resolution levels. Some deformation model.
strategies have also been presented to adaptively refine the
control point grid depending on the local misregistration in
the image [92], [97]. Smoothness of the deformation field
is intrinsic to the parameterization at scales smaller than the Affine registration parameters have a global effect on reg-
control point spacing and may be imposed at larger scalesistration quality all over the image domain and can there-
by penalizing high spline curvature [96]. Spline-based fore be estimated from registration evidence gathered from
approaches can correct for gross shape differences, but @he entire region of overlap of the images to be registered. In
dense grid of control points is required to characterize the contrast, a change in one of the nonrigid registration param-
deformation at voxel level detail, implying high computa- eters typically changes the deformation field within a subre-

B. Registration Criterion
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gion only, the size of which depends on the parameterization Relatively large regions are required for the local Ml estimate
of the deformation field, such that the impact on registration to be reliable, such that small scale deformations are difficult
quality of each such local deformation parameter can only be to recover. Some measures have been proposed to overcome
observed within its region of support. This may be problem- this problem, for instance by taking also the global intensity
atic for a statistical measure such as MMI: especially when distribution into account [63], [56].
small scale, highly localized deformations need to be recov- Free-form deformation approaches based on physical
ered, the number of samples within each parameter’s regionmodels require an appropriate definition for the force field
of support may be too small to reliably estimate its impact at each voxel in the warped image that drives the defor-
on the joint intensity probability and hence on the registra- mation such that Ml is maximized. Such force field can
tion criterion. be derived from the gradient of MI with respect to each
For each realization of the deformation field, Ml can be voxel's deformation vector. This gradient can be computed
computed globally over the entire image domain using a empirically, by displacing a region of interest of appropriate
single, discrete joint histogram that is constructed by map- size around each voxel [30], [52], or analytically, using
ping all voxels of the warped image into the target image and Parzen windowing to construct a joint intensity histogram
binning of corresponding voxel intensities after appropriate that is differentiable with respect to the deformation field
interpolation of the target image. This approach is typically [39], [21].
used with spline-based representations of the deformation
field. The effect on the registration criterion of a change c. Applications
in any of the deformation parameters can be evaluated by
recomputing the mapping and updating the joint histogram
accordingly, which can be performed efficiently if each
parameter has only local support and only a subregion
of the image has to be considered each time [96]. With a
nonparametric representation of the deformation field, a
block matching strategy can be used whereby the image is
subdivided in a number of regions that are each iteratively
displaced individually such as to maximize MI globally

Several authors have demonstrated the use of nonrigid
image registration using MMI for unimodal and multimodal
intrasubject image registration, to quantify or compensate
for tissue motion or deformation or to correct for imaging
distortion. Meyeret al. [73] demonstrated the accuracy
and clinical versatility of mutual information for automatic
multimodality image registration using affine and thin-plate
spline warped geometric deformations, including thoracic

[30], [52]. The obtained displacements located at the region PET/CT and abdominal SPECT/CT image registration.
centers are regularized and propagated to all voxels in theRUeckertet al. [96] evaluated their free-form deformation
image, for instance by convolution with a Gaussian kernel. 'edistration algorithm based on B-splines for nonrigid
When evaluating Ml globally over the entire image domain, motion correction of 3-D MR breast images. Holdenal.
alocal update of the deformation field affects the registration [44] used the algorithm of [96] to quantify small changes in

everywhere in the image through its impact on the joint brain ventricular volume in serial MR images of a patienf[
intensity histogram. Hence, in contrast with registration @nd & control group. The same method was applied by Hill

criteria that are evaluated in each voxel separately and®t?@!-[41]for nonrigid registration of pre- and post-resection
independently of all others, such as minimizing the sum of Intérventional MR brain images to quantify intraoperative
squared differences of corresponding voxel intensities [14], Prain deformation. D'Agostincet al. [21] applied their

[111], [L12], registration evidence at one site is propagated viscous fI_uid _based nonrigid M_MI approach for corn_ect?on
to other sites because of the statistical nature of the Mm Of Preathing-induced deformations in MR lung ventilation
criterion. images. Studholmet al.[101] used a method similar to [96]

Instead of computing MI globally over the entire image to correct for geometric distortion of functional MR images

domain for each change in the deformation parameters, some2cduired using echo planar imaging (EPI).
approaches have been presented that compute and optimize NONrigid intersubject registration using MMI has been ap-
MI locally over subregions of the image domain only, re-es- plied for the construction of atlas templates by Ruecktat.

timating the joint histogram for each region separately [35], _[95] qnd for the detection a”?' quantification of morpholog-
[36], [63], [56], [76], [53]. A multiresolution strategy is usu- ical differences betweer_l subjects by Studhohfhal. [.10.0].

ally adopted whereby initially a small number of larger re- Atlas-based segmentation using MMI driven nonrigid atlas
gions is considered for coarse scale matching whose size id© Patient registration has been applied by ,Castel'lano-Smlth
decreased and number increased at later stages of the optr?t al.[11] fo'r br'aln Segmer)t.atlo.n and'by D qustum al.
mization for matching at finer scales. Regularization of the [21] for brain tissue classification (Fig. 15). Kjenes al.
deformation field can be achieved by imposing local smooth- [92] compared various registration measures and alignment
ness [36], [53], [76] or elasticity [35] constraints or local con-  Scemes, including nonrigid registration using MMI, for in-
sistency criteria [56], while spline interpolation [56], [76] or terindividual registration of PET activation studies.

Gaussian convolution [53] can be used to propagate the de-
formation field over the entire image domain. However, local v
computation of MI within small image regions is ill-condi-
tioned due to the small number of samples available from Image registration by maximization of mutual information
which to estimate the local joint image intensity distribution. considers all voxels in the images to be registered to estimate

CONCLUSION
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Fig. 15. lllustration of nonrigid atlas to patient matching for

brain tissue segmentation using the method of Van Leemput

et al.[119]. The segmentation method uses an atlas with prior
probability maps of the distribution of the various tissue classes to
initialize an iterative intensity-based pixel classification scheme,
assuming a Gaussian intensity distribution for each class. (a)
T1-weighted MR image of a patient showing enlarged ventricles.
(b) CSF segmentation obtained with affine atlas registration. (c)
CSF segmentation obtained with nonrigid atlas matching. Affine
atlas matching fails to properly initialize the classification and the
intensity parameters of each tissue class due to the poor overlap
between the ventricles in the patient and in the atlas image. These
morphological differences are compensated for by nonrigid atlas
matching, yielding a much improved segmentation result.
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