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Landmark-Based Elastic Registration Using
Approximating Thin-Plate Splines

K. Rohr*, H. S. Stiehl, R. Sprengel, T. M. Buzug, J. Weese, and M. H. Kuhn

Abstract—We consider elastic image registration based on a set steps: 1) extraction of landmarks in the different datasets;
of corresponding anatomical point landmarks and approximating  2) establishing the correspondence between the landmarks; and
thin-plate splines. This approach is an extension of the original in- 3) computing the transformation between the datasets using

terpolating thin-plate spline approach and allows to take into ac- . ; .
count landmark localization errors. The extension is importantfor (€ information from 1) and 2). Among the different types

clinical applications since landmark extraction is always prone to Of landmarks (points, lines, surfaces, and volumes) we here
error. Our approach is based on a minimizing functional and can consider point landmarks.

cope with isotropic as well as anisotropic landmark errors. In par- Previous work on point-based elastic registration has concen-
ticular, in the latter case it is possible to include different types of trated on a) selecting the corresponding landmarks manually

landmarks, e.g., unigue point landmarks as well as arbitrary edge . . . .
points. Also, t%e scgemg is general with respect to the in¥agegdi- and on b) using an interpolating transformation model (e.g., [2],

mension and the order of smoothness of the underlying functional. [7], @and [11]). The basic approach draws upon thin-plate splines
Optimal affine transformations as well as interpolating thin-plate  or other splines and is computationally efficient. However, an
splines are special cases of this scheme. To localize landmarks wenterpolation scheme forces the corresponding landmarks to ex-
use a semi-automatic approach which is based on three-dimen- 4y match each other. The underlying assumption is that the
sional (3-D) dlffe.rentlal. operators. Experimental result.s are pre- land K iti K ty | | licati how-
sented for two—dimensional as well as 3-D tomographic images of andamark positions are_ ”‘?W” €xactly. Inreal applications, how
the human brain. ever, landmark extraction is always prone to error.

Therefore, to take into account these landmark localization
errors, we propose an approximation scheme, where the cor-
responding thin-plate splines result from a minimizing func-
tional [13]-[15]. With this approach itis possible to individually
. INTRODUCTION AND MOTIVATION weight the landmarks according to their localization uncertainty

In neurosurgery and radiotherapy planning it is important ﬁtﬁd thus to control the ipflu_ence of the_lapdmarks on the regis-
either register images from different modalities, e.g., magneff@tion result. The localization uncertainties can be character-
resonance (MR) and X-ray computed tomography (CT) imagd4ed either by scalar weights or, more generally, by weight ma-
or to match images to atlas representations. If oigig trans- trices representing landmark error ellipsoids. In the latter case,
formations are applied, then the accuracy of the resulting mafHSotropic errors can be taken into account. This extension al-
often is not satisfactory with respect to clinical requirements. [AWS to include not only “normal” point landmarks, which have
generalnonrigid transformations are required to cope with th@ Unique position in all directions. In addition, we can include
variations between the datasets. A special class of general n&y_asrlandma_rks which are not uniquely definable in all direc-
rigid transformations arelastic transformations which allow tions, e.g., arbitrary edge points. Such landmarks are used, for
for local adaptation and are constrained to some kind of cd@x@mple, in the reference system of Talairach [16] to define the
tinuity or smoothness. three-dimensional (3-D) bounding box of the human brain. The

This contribution is concerned with elastic registration dfcorporation of such landmarks isimportant since normal point
medical image data based on a set of corresponding anatomi@agimarks are hard to define, for example, at the outer parts of

landmarks. Such a landmark-based approach comprises ti{fgghuman head. To provide the elastic registration scheme with
landmarks we use a semi-automatic procedure whichis based on

3-D differential operators. Algorithms for landmark localization
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a fluid model. The landmark scheme is based on the linear elasin the case ofl-dimensional images and for an arbitrary order
ticity operator and the applied splines are different from thin= of derivatives in the functional we have

plate splines. Another difference to our approach is that the non-
affine part of the transformation is separated from the affine part
in their functional. While the stated functional allows to treat
anisotropic errors in one of the two images to be registered, in
their application only equal isotropic errors have been includeghere the single functionals read as

Finally, we mention the intensity-based approach of &eal.

[8], which allows to integrate isotropic landmark errors. This T4 (u) = Z m!

approach, however, is not based on an analytic solution of the m ol ay!

underlying functional but solves it numerically by applying the . 9
finite-element method (FEM), which is computationally much ~ / <L) dx (3)
more expensive. Rre \ 027" - Oz g

The remainder of this contribution is organized as fOHOW%ccording to Duchon [6] and Wahba [20] with being positive

First, we briefly review the original thin-plate spline interpola: ; L . T
tion scheme and then we describe an extension to an appré%c_egers.Thefuncuonal is invariant under similarity transforma-
ns. Note, that for the special casedf= m = 2 we obtain

mation scheme. After that, we introduce a semi-automatic agplo- _ . .

proach to the localization of 3-D anatomical point landmark: € functional 0r|g|nglly used in [2]. 1o d

Experimental results are presented for 2-D as well as 3-D tomp?dll_yer;[o%?;tscgnﬁgcslsr;j)grzzig thel Sxﬁfcﬁh is trglgntl(l)sfpilce

graphic images of the human brain. of the functional in (3). The dimension of this spacelis =

(d+m — 1)!/{d'(m — 1)!) and must be lower than. This

condition determines the minimum number of landmarks, e.g.,

for d = m = 2 the number of landmarks must be larger than
In this section, we first describe the interpolating thin-platgiree. The solution of minimizing the functional in (3) can now

spline approach in the general context of registerirtimen- be written in analytic form

sional image data. Then, we introduce an extension of this ap-

proach to an approximation scheme, which is based on the math- M n

ematical work of Duchon [6] and Wahba [20]. With this scheme u(x) = avd(x)+ Y will(x,pi) 4

itis possible to incorporate isotropic as well as anisotropic land- v=1 i=1

mark errors.

d
k=1

ait-tag=m

Il. APPROXIMATING THIN-PLATE SPLINES FORELASTIC IMAGE
REGISTRATION

with basis functiong/(x, p;) depending on 1) the dimensian
of the domain; 2) the orden of the derivatives in the functional;

. o ) . and 3) the Hilbert spac# of admissible functions. Choosing
Thin-plate spline interpolation can be stated as a multivarigjg, space of functions o for which all partial derivatives

interpolation problem: Given anu_mbeof correspond_ing pqint of total orderm are square integrable, i.e., areﬂ@(IRd), this
landmarksp; andq;, ¢ = 1,...,n in two Images odeensmn results in the basis functions [see (5) at the bottom of the page.]
d, find & continuous transformatiom : IR" — IR® within & ith ¢, as defined in Wahba [20]. Note, that the basis func-
suitable Hilbert spac# of admissible functions, which 1) min- 5 U(x, p:) span am-dimensional space of functions that
imizes a given functional : H — IR and 2) fulfills the inter- depend only on the landmarks of the first image. Formn =
polation conditions d = 2 we have the well-known functioki(x, p) = 1/(87)|x —

o N p|?*In|x — p| and the nullspace is spanned by(x) = 1,

q=ulp;), i=1,...,n Q) 2(X) = 2, andes(x) = 5.

Bookstein [2] proposed the use of thin-plate spline interpolation To compute the coefficients = (a1, ...,an)" andw =
for point-based registration and applied this scheme to 2-D iff#1, - - - »w,)* of the analytic solution (4) we have to solve the
ages. Application to 3-D image data has been reported in Evd@lowing system of linear equations:
et al.[7], for example. With this approach the minimizing func-
tional represents the bending energy of a thin plate separately Kw+Pa=v
for each component, £ = 1, ..., d of the transformation. P'w=0 (6)
Thus, the functiona¥ (u) can be separated into a sum of similar
functionals each of which only depends on one compongnt whereK;; = U(p;,p;), Fi; = ¢,;(pi), andv is the column
of u. Therefore the problem of finding can be decomposedvector of one component of the coordinates of the landmarks
into d problems. q; of the second image. The conditi@’w = 0 represents

A. Interpolating Thin-Plate Splines

Oralx — p|?~¢In|x — p|, 2m — d even positive integer

O,m,alx — PP, otherwise
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the boundary conditions and ensures that the elastic part of t
transformation is zero at infinity.

B. Extension from Interpolation to Approximation

With the interpolation approach described above the lanc
marks are matched exactly. This implicitly assumes that th NSl
landmark positions are known exactly. If we want to take intc
account landmark localization errors, we have to extend thisa |
proach by weakening the interpolation condition (1). This ca| |
be achieved by introducing a quadratic approximation term i
the functional (2) which then reads as

_ 1 e —ulpi)? d
() = - E_l T2 + A5 (w). (7)
Within the field of computer vision, functionals of this type | | | \ \\\\ 1

have previously been considered for the reconstruction of st | L

faces from sparse depth data, i.e., for finding a mapping I

IR? — IR (e.g., [17]). Aradet al.[1] recently used a 2-D ap- ‘

proximation approach of this kind to represent and modify fa \ N

cial expressions. \ \ LA
The first term of the functional in (7), the so-called data term \"”\y'\ | e

measures the sum of the quadratic Euclidean distances betwe |\ \-\-\"\"

the transformed landmarks; and the landmarkg;. Each dis- \\\ \ AR

tance can be weighted by the varianegsrepresenting land- B

mark localization errors. If, for example, the variance is high, © )

i.e., landmark localization is uncertain, then the influence on N . . N
Fig. 1. (a)—(d) Performance of approximating thin-plate splines visualized

the overall approximation error is weighted IOW- Npte, that W@y deforming a regular grid: Two different landmark sets represented by the
have only one parameter to represent the localization uncertaimall black dots and the larger grey dots, interpolatior=(0), approximation
ties of two corresponding landmarks. Thus, we have to combiffgermediate value oh = 0.001), and nearly afine approximation (large

. . value of A = 0.1).
the variances of corresponding landmarks. In our case, we use )
the sum of both variances; = o7 , + o7, (see also below).

The second term in (7) measures the smoothness of Waere

resulting transformation. Hence, the minimization of the func- 9 0

tional yields a transformatiom which 1) approximates the L o1

distance between the landmark sets and 2) is sufficiently smooth. W = K 9)
The relative weight between the approximation behavior and 0 o2

the smoothness of the transformation is determined by the reg-
ularization parametex > 0. If X is small, we obtain a solution In comparison to the interpolating case, we only have to add
with good adaption to the local structure of the deformationis\W —* in the diagonal of the matrif. As a by-product,
and if \ is large, we obtain a very smooth transformation witkhis results in a better conditioned linear system of equations
little adaption to the deformations. There are two limiting caseelding a more robust numerical solution. To refer to these
ForA — 0 we obtain the original interpolating thin-plate splinésPlines resulting from the stated approximation problem we here
transformation, and fok — oo we have a global polynomial of Use the ternapproximating thin-plate splineslote, that in the
order uptan — 1, which has no bending energy at all. Choosin@athematical literature generally the tettmm-plate smoothing
m = 2 in the latter case results in an affine transformatiogpPlineis used (e.g., [20]).
Thus, form = 2 and general values of > 0, we obtain an The transformation behavior of the thin-plate spline approx-
approximating elastic transformation the behavior of whicination scheme can be visualized by deforming a regular grid.
lies in the range between the two extremes of the interpolatifif- 1 shows an example for different values ofwhile set-
thin-plate spline transformation and an approximating affif"d m = 2 and assuming equal weights = 1. In Fig. 1(a)
transformation. are shown the landmarks of the first and second image marked
The interesting fact is that the solution to the approximatid® @ regular grid by the small black dots and the larger grey
problem (7) can also be stated analytically and consists of tfts, respectively. Fig. 1(b) shows the transformation result for
same basis functions as in the case of interpolation (Duchon {6 0, Whichis the case of thin-plate spline interpolation, where
and Wahba [20]). The computational scheme to compute e landmarks are matched exactly. For an intermediate value of

coefficients of the transformatiom is nearly the same A =0.001, we obtain an approximation behavior with generally
. smaller local deformations [Fig. 1(c)]. A much larger value of
(K+nAW™)w+Pa=v A = 0.1 yields a nearly pure affine transformation with hardly

PTw=0 (8) any local deformations [Fig. 1(d)].
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C. Incorporation of Anisotropic Landmark Errors system of Talairach [16] to define the 3-D bounding box of the

The approximation scheme described above uses scdyman brain. The incorporation of such landmarks is important

weights to represent landmark localization errors. This, howt"cé normal point landmarks are hard to define, for example,

ever, implies isotropic localization errors and is only a coardd the outer parts of the human head. _
error characterization. Generally, the errors are different in dif- NOt€, that the above introduced approximation scheme using

ferent directions and thus are anisotropic. A further extensidffight matrices is also a generalization of the work in Book-
of the approach from above is obtained by replacing the scafi#in [4], where the interpolation problem is solved while the
weightso? with weight matricess; representing anisotropic !andmarks are allowed to slip along straight lines within a 2-D

landmark localization errors. For 3-D images, for examplénage. Actually, this is a special case of our approximation
the weight matrices are & 3 covariance matrices. Now theSCheme since for straight lines the variance in one direction is

functional reads as zero whereas in the perpendicular direction it is infinite.

n

1 _ Ill. SEMI-AUTOMATIC LOCALIZATION OF ANATOMICAL
) == (q; —u(P:) S (ai — u(p:))
n = LANDMARKS
+ AJ¢ (n). (10) Anatomical point landmarks in 3-D tomographic datasets are

usually localized manually. Generally, this procedure is diffi-
Indeed, also for this generalized functional the solution can Bgit, time-consuming, and often lacks accuracy. To improve on
stated in analytic form with the same basis functions as befqfgs, we use a semi-automatic scheme in conjunction with 3-D
(see Wahba [20] and Wang [21] for a theoretical treatment gfiferential operators. In comparison to an automatic procedure,
such functionals). The computational scheme to compute tigch a semi-automatic approach has the advantage that the user
coefficients of the transformation has the same structure ahas the possibility to control the results (“keep-the-user-in-the-
(8), however, a separation into the component®f the trans- |oop” paradigm).
formationu is no longer possible. Now, the weighting matrix - As 3-D differential operators we apply 3-D extensions of 2-D
in (8) represents the covariance matriégs: = 1...n, ofthe comer operators (Rohr [12]). Recently, we have evaluated a

landmarks through larger number of 3-D differential operators using different per-
formance criteria (Hartkenst al. [9]). The investigated opera-
1 0 ) ) . .
wW-! — ) (11) tors are based on either first or first- and second-order partial

derivatives of an image. Examples of the latter type of operators
0 Xn are based on the mean and Gaussian curvature of isocontours.

which is a block-diagonal matrix. Note, that the mathematicA'€S€ Operators are related to approaches which utilize curva-
work in, e.g., [21], treats the more general cas®\of! being a ture properties of isocontours for detecting 3-D crest or ridge
dense matrix. In medical image registration, however, a blodk2€s- In comparison to the 3-D operators in [12] and [9] the
diagonal matrix is sufficient. While the errors for a single lanckrest-line based approach of Thirion [18] requires third-order

mark are generally correlated, it can well be assumed that thER@g€ derivatives to determine extremal points. In our evalua-
is no correlation betweedifferentlandmarks. tion study in [9] it turned out that the operators based on only

Note also, that the; represent the localization errors offirst-order image derivatives yield the best results. Therefore,
) T

two corresponding landmarks. Thus, to end up with one matM$€ USe them in our application.
we have to combine the covariance matrices of corresponding ) ) o
landmarks. If we assume that the corresponding two covariarfte S€Mi-Automatic Scheme for Landmark Localization
matrices depend only slightly on the elastic part of the trans-To localize a certain 3-D anatomical point landmark we apply
formation, then we can combine these matrices by applyitige following user-interaction scenario: 1) the user specifies a
a linear transformation which allows for rotation and scalingegion of interest (ROI) together with an approximate position
e, = AY, AT + ¥, ,, where the matrixA can be (e.g., the center of the ROI); 2) a 3-D differential operator is
computed based on all landmarks. If we can further assume tapplied yielding landmark candidates within the selected ROI;
the images have approximately the same orientation and scabel then 3) the user selects the most promising candidate. To
then we can simply add the two covariance matrices. The otlsmplify the selection procedure, the landmark candidates may
matrices in the linear system of (8) are givenKy= (K;;I,), be ordered either based on their operator responses or on their
whereK;; = U(p,, p,) andl, is thed x d identity matrix, and distances to the manually specified position.
P = (F;;1;), whereF;; = ¢;(p;). The anatomical landmarks we use are landmarks on the skull
With the extended approximation scheme it is possible to ie.g., tip of external protuberance, saddle point on the zygomatic
clude different types of 3-D point landmarks, e.g., “normalbone, and saddle point on the mastoid process) as well as land-
point landmarks as well as “quasi-landmarks.” Normal poimharks on the ventricular system (e.g., tips of frontal, occipital,
landmarks have a unique position and low localization unceand temporal horns, topmost concavity of fourth ventricle roof,
tainties in all directions. An example for quasi-landmarks aind tip between medulla oblongata and pons). These landmarks
arbitrary edge points. Such points are not uniquely definableame visible both in MR as well as CT images and can be geomet-
all directions, and they are used, for example, in the referenteally characterized as tips or saddle points.
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B. Three-Dimensional Extensions of Corner Detectors can be seen that the interpolation scheme yields a rather unreal-

For landmark detection we apply 3-D differential operatowj§ti,c dt_aformatipn since itforqes qll landmark pairs, including the
which are extensions of existing 2-D corner detectors used to §&" With the simulated localization error, to exactly match each
tect points of high intensity variations. These operators are baQt@er- Using the approximation scheme instead yields a more
on only first-order partial derivatives of an image. Thereforé‘,ccurate registration result. In the difference image of the two

these operators are computationally efficient and do not suff&sults in Fig. 2(e) we see that the largest differences occur at the
from instabilities of computing high order partial derivativesShifted landmark no. 3 which is what we expect. The increased

Let the matrixC, = W denote the averaged dyadicaccuracy o_f the approximation scheme can also be demonstrated
product of the 3-D grey-value gradieRtg = (g, gy,9.)%, by computlng the distance between the grey-_value edges of the
then we can define the following three operators [12]: transforr_ned images and those of th_e second image. In our case,
we applied a distance transformation to computed grey-value
detC, 1/traceCoL,  detC (12) edges. The results for the marked rectangular image parts in
traceC,,’ g o Fig. 2(c), (d) can be seen in Fig. 2(f), (g). Here, the grey values

Local maxima of these operators serve as landmark candida{%%resem th? régistration error, €., the brighter thellarger}s the
fror. In particular at the marked circular areas, which indicate

\év;tglatzq)e above described semi-automatic scheme (for detal Sé grey-value edges perpendicular to the simulated shift, we see

that the registration accuracy has increased significantly.

IV. EXPERIMENTAL RESULTS B. Three-Dimensional Data

We now present experimental results of applying the approx-Next, we show experimental results of applying the approx-
imating thin-plate spline registration scheme to 2-D as well §hating thin-plate spline approach to 3-D atlas data. In our ex-
3-D image data. In the experiments we treat the cases of egyaliment we have simulated nonlinear deformations of the dig-
isotropic landmark errors, individual isotropic errors, as well 3g1 SAMMIE atlas (Hubneet al.[10]). This 3-D human brain
individual anisotropic errors. atlas consists of 110 slices each of 27346 pixels resolution.
One slice is shown in Fig. 3(a). Different anatomical structures
are labeled with different gray values. The deformed atlas with

Within the task of MR-CT registration we here consider theverlaid contours from the original atlas is shown on the right.
application of correcting patient-induced susceptibility distott can be seen that the deformations are relatively large [see also
tions of MR images. We have acquired two sagittal MR braitme enlarged sections in Fig. 4 (a), (b)]. For the deformation we
images of size 256« 256 pixels with typical susceptibility used a nonlinear function that depends on the angle between
distortions of a healthy human volunteer. In our experimetite top-left and the bottom-right diagonal of the image, with the
we used a high-gradient MR image as “ground truth” (instedargest deformation in the direction of the bottom-left diagonal
of clinically common CT images) to avoid exposure of thef the image. Note, that the simulated nonlinear deformation
volunteer to radiation. Both turbo-spin echo images hadwes not lie within the function space of thin-plate splines or
consecutively been acquired on a modified Philips 1.5-T Mpolynomials. To register the deformed atlas with the original
scanner with a slice thickness of 4 mm without repositioningtlas, we have manually specified 34 homologous landmarks
Therefore, we are sure that we actually have identical slicingamd have added Gaussian noise to the landmark positions such
space. Using a gradient of 1 mT/m and 6 mT/m for the first arab to simulate typical localization errors. A different noise level
second image, then leads to a shift of ... . 10 mm and ca. has been chosen for each landmark, with standard deviations
1.3...1.7 mm, respectively. o, Inthe range between 0.5 and 3.5 voxels. For our experiment

Within each of the two images we have manually specifigtlis resulted in displacements between 0.5 and 7 voxels which
20 point landmarks [see Fig. 2(a), (b)]. To simulate large landre to be expected for manual landmark localization. Fig. 4(d)
mark localization errors, one of the landmarks in the secostiows the result of the approximating thin-plate spline approach
image (no. 3) has been shifted about 15 pixels away from {t& = 2 andd = 3) in comparison to an optimal affine trans-
true position. This large shift has been chosen for demonstratfonmation (limiting case\ = oo of approximating thin-plate
purposes. Note, however, that manual localization can actualylines) [Fig. 4(c)]. For the scalar weights we have used values
be prone to relatively large errors. Fig.2 shows the results iofaccordance with the simulated noise levels. Note, that with
interpolating thin-plate splines [Fig.2(c)] versus approximatinigoth transformation functions we have used the same input in-
thin-plate splines setting: = d = 2 and using equal scalarformation consisting of the positions of the landmarks as well as
weightss; = 1 [Fig.2(d)]. For the regularization parameter, weheir localization uncertainties (this is analogous to the experi-
have used a value of = 50. Note, that for a comparison ofment above). However, as can be seen, the registration result
this value with the values used in the synthetic experimentvith approximating thin-plate splines is significantly better in
Fig. 1, one has to keep in mind that there a (normalized) imagemparison to an optimal affine transformation, particularly in
dimension of 1x 1 pixels has been used. Thus, we have to nahe lower part of the image.
malize the regularization parameter to the current image dimen\We have also applied our approach to the registration of 3-D
sion. Doing this, we obtaih,,...., = 50/(256) ~ 0.0008, which MR and CT images. The MR dataset consists of 120 axial slices
corresponds to the intermediate valueoin Fig. 1. Each re- of 256 x 256 resolution with an intensity range of 0—299, while
sult in Fig. 2(c), (d) represents the transformed first image.the CT dataset consists of 87 axial slices of 3220 res-

A. Two-Dimensional Data
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ie) id)

(e)

Fig. 2. Two-dimensional MR images of the same patient with marked landmarks. First, (a) low-gradient image and second (b) high-gradient image.
Two-dimensional registration result (transformed first image): (c) Interpolating thin-plate splines and (d) approximating thin-plate sptinegual scalar

weights. (e) Difference between the two registration results. Registration errors for the marked image parts in (c) and (d) using (f) intéripetdaitegsiplines

and (g) approximating thin-plate splines using equal scalar weights.

olution with an intensity range of 0-3207. The images hawssing the 3-D differential operatatetC, in (12). For regis-

been acquired from the same patient [see Fig. 5 (a), (b) foation we have applied the approximating thin-plate spline ap-
slices 34 and 38 of the original images, respectively]. In this egroach with incorporated weight matrices as given in (10) using
ample, the landmarks have been localized semi-automatically— 2 andd = 3. The weight matrices have been specified in
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calization uncertainty is low and vice versa. Note, that the in-
corporated covariance matrices represent lower bounds for the
localization uncertainties. An alternative approach would be to
exploit anatomical knowledge about the localization uncertain-
ties of landmarks. In general, these uncertainties are different
and higher (or at most equal) in comparison to the lower bounds.
However, since currently we have no such knowledge about the
landmarks we prefer to use the lower bounds. An advantage
of our approach is that we can incorporate different types of
landmarks, i.e., besides unique point landmarks we can also in-
corporate quasi-landmarks, e.g., arbitrary edge points in 3-D.
For such points the localization uncertainties in different direc-
tions differ largely. Below, we report on an example of incorpo-

(b) rating such types of landmarks. For the current example of 3-D
Fig.3. (a) Original and (b) analytically deformed 3-D human brain atlas (slid¥d/R-CT registration we have used only unique point landmarks.
45 of the SAMMIE atlas). For all landmarks the corresponding covariance matrices have

been estimated automatically from the image data as described
above. Fig. 5(c) shows the registration result for slice 38 by su-
perimposing 3-D Canny edges of the CT image on the trans-
formed MR image. It can be seen that the registration accuracy
is rather good. We here have used a value. £ 3000 which
corresponds to a normalized valueXgf,..,, =~ 0.0004 (using the
average dimension of both images). However, for these datasets
it turns out that the registration accuracy is nearly independent
of the parametek. Thus, in the case when the distortions of the
MR image can be assumed to be small, an optimal affine trans-
formation seems to be sufficient.

In the last example, we demonstrate the application of the
approximating thin-plate spline approach to the registration of
3-D MR images of different patients. The datasets consist of
179 x 236 x 165 and 177x 245 x 114 voxels, respectively
Also, with this example, we have used = 2 andd = 3,
and the point landmarks have been localized semi-automatically
using the 3-D differential operatatetC, in (12). The used
point landmarks are the topmost concavity of the fourth ven-
tricle, the tips of the frontal ventricular horiig ), the tips of
the temporal ventricular horr{$, ), the saddle points at the zy-
gomatic boneg!, r), the genu of corpus callosum, the upper
junction at the pons, and the lower junction at the pons. Three

’ of these landmarks can be found in both hemispheres which has
(© (d) been indicated byl, ). Additionally, we here have incorpo-
Fig. 4. (@) Section of the 3-D human brain atlas and (b) 3-D registration res[fF}ted quaSi'Iandmark& namely the 3-D bounding box landmarks
usingindividual scalar weights. (c) Optimal affine approximation. (d) Thin-platef the brain as used in the reference system of Talairach [16] as
spline approximation. well as two landmarks at the top of the ventricular system. The

six bounding box landmarks in [16] are the uppermost point

the following way (Rohr [13]). In a local 3-D window aroundof the parietal cortex, the lowest point of the temporal cortex,
the detected landmark we analyze the local grey-value varthe most anterior point of the frontal cortex, the most posterior
tions and estimate the minimal localization uncertainty for thioint of the occipital cortex, the most lateral point of the left
point which is given by the Cramér—Rao bound (van Trees [19]arieto-temporal cortex, and the most lateral point of the right
X, = (o—,%/m)Cgfl, whereo? denotes the variance of addi-parieto-temporal cortex. The quasi-landmarks have been local-
tive white Gaussian image noise, the number of voxels in ized manually. In summary, we have used ten normal point land-
the local 3-D window, andC, = Vg(Vg)7 is the averaged marks and eight quasi-landmarks. For all landmarks (normal
dyadic product of the image gradient. In our case, we usediad quasi-landmarks) the covariance matrices have been esti-
window size of 5x 5 x 5 voxels. From the estimated covariinated automatically from the image data as described above. As
ance matrices we can compute the 3-D error ellipsoids witbove in the MR-CT example we have used for the regulariza-
principal axess,, oy, ando.. Our results show that the esti-tion parameter a value of = 3000, which here corresponds to a
mated error ellipsoids are well adapted to the local structurerdrmalized value ok .., & 0.0005 (using the average dimen-
the image. For a landmark with high intensity variations the Igion of both images). Fig. 6(b) shows that we generally obtain a
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@) (b) (©

Fig. 5. Three-dimensional (a) MR and (b) CT datasets of the same patient (slices 34 and 38, respectively). (c) Three-dimensional registrasiongy result
approximating thin-plate splines and estimated 3-D covariance matrices (slice 38).

[3] ——, “Four metrics for image variation,” ifProc. 11th Int. Conf. In-
formation Processing in Medical Imaging (IPMI'89), Progress in Clin-
ical and Biological Researclvol. 363, D. Ortendahl and J. Llacer, Eds.,
1991, pp. 227-240.

[4] —, “Landmark methods for forms without landmarks: Morphomet-
rics of group differences in outline shap&féed. Image Anajvol. 1, no.

3, pp. 225-243, 1996/1997.

[5] G.E. Christensen, S. C. Joshi, and M. I. Miller, “Volumetric transfor-
mation of brain anatomy,lIEEE Trans. Med. Imagvol. 16, no. 6, pp.
864-877, Dec. 1997.

[6] J. Duchon, “Interpolation des fonctions de deux variables suivant
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Numériquevol. 10, no. 12, pp. 5-12, 1976.

[7] A.C. Evans, W. Dai, L. Collins, P. Neelin, and S. Marrett, “Warping of
a computerized 3-D atlas to match brain image volumes for quantitative
neuroanatomical and functional analysis,’Hroc. SPIE 1445 Medical
Imaging V: Image Processinil. H. Loew, Ed., San Jose, CA, 1991, pp.

236-246.
() [8] J. C. Gee, D. R. Haynor, M. Reivich, and R. Bajcsy, “Finite element
approach to warping of brain images,” Proc. SPIE 2167 Medical
Fig. 6. Three-dimensional registration result (a) using interpolating thin-plate Imaging 1994: Image Processiniyl. H. Loew, Ed., Newport Beach,
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and CT images,” ifProc. SIE Int. Symp. Medical Imaging 1999—Image
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