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Abstract— Multimodal image registration is a difficult functional MRI where it has enjoyed terrific success [1]-
problem in both medical imaging and remote sensing. TIg].
least-squares cost function has generally been overlooked=ntropy-based cost functions such as mutual informa-
for multimodal registration problems due to an underlyingion [6]-[8], and various forms of normalized mutual
assumption that the two images being registered muaformation [9], [10] represent the current state-of-the-art
have corresponding intensities. More recently, methodls multimodal registration. The advantage of these methods
that employ the least-squares cost function have beinthat they make no assumption about the form of the
developed to efficiently evaluate the globally optimal shiftensity mapping from one image to the other; merely that
and intensity remapping simultaneously. However, thepéels with matching intensities in one image are likely to
methods estimate the translation and not the rotation. lmave similar intensities in the other image.
this paper we propose a method for using the least-squaresHowever, mutual information has its share of issues.
cost function efficiently for multimodal registration. ByThere is no known closed-form solution to find the op-
modeling rotation using a linear approximation, we find thémum, so global optimization must be attempted with
globally optimal translation and intensity remapping, ananly local information of the cost function. Furthermore,
locally optimal rotation angle. In a series of experimentghe process of estimating the joint probability density
based on registering PD-, T1-, and T2-weighted magnefignction requires binning of pixels into discrete categories,
resonance images, our method performs better than mutggling the cost function discontinuities. There are interpo-
information. lation methods to combat this problem, including parzen-
windowing and trilinear partial volume distribution [6].
Keywords: image registration, multimodal registration, More recently, methods have been developed to ef-

least squares, FFT ficiently evaluate the least-squares cost function for all
integer shifts [11]-[14]. These methods take advantage of
1 INTRODUCTION the Fast Fourier Transform (FFT) to evaluate the most

time-consuming terms in the cost function. Speedups of

Multimodal image registration has been widely utilizedip to 500x have been reported in the literature [13].
in the medical imaging domain. Its applications includehese methods, however, have focussed on estimating
medical image analysis, image guidance, atlas constryeanslations, and not rotations. Since rigid-body motion
tion, pathology diagnosis, etc. Some imaging modalities a common form of misregistration in medical imaging,
distinguish different anatomical features (i.e. bone vggatations need to be accounted for.
soft tiSSUE) better than other modalities. Hence, aligningm this paper, we propose an efficient framework for
these images provides medical professionals with magguitimodal rigid-body registration using a weighted least-
information than they get from a single modality, makingquares cost function that is invariant under linear intensity
diagnosis more reliable and accurate. Multimodal imaggmappings_ The proposed method includes a weighting
registration is also widely used in remote sensing. function (sometimes called aalpha channél allowing

Until recently, least-squares optimization was not useshe to include or exclude pixels (even on a fractional
for multimodal image registration because of its underlyingasis) from the cost function. This is a capability that other

assumption that the two images being registered must haurier methods, such as phase correlation, lack.
corresponding intensities. That is, corresponding features

in the two images must be represented with the SaME THEORY

pixel intensities. Because of this limitation, the usefulness

of least-squares registration has been largely restrictedNVe begin with a brief outline of how the FFT factors
to alignment of serial volumes in applications such &sto optimizing the least-squares cost function. To register



an image (or volum® f with an image (or volumekl, whereJ holds the derivatives of with respect to the
we seek a rigid-body transformatidf, that depends on motion parameters. Since we already know that the optimal

motion parameterg, that minimizes translation can be found globally, we model only the rota-
~ 9 tion using the linear approximatio®(f, §) ~ f+J6. Also
L(p) = Z (fm — gm> Wi j (1) including a linear intensity remapping, our cost function is
i.j
. ) ) Z [so + 51 (fimmj—n + Jimm,j—n0) — gz‘,jf Wi, j
wheref = T'(f, p) is a transformed version df andw; ; W

is the weighting function (alpha map) containing values
between 0 and 1. By expanding the brackets, (1) can be
written

Z [so+ s1fimj—n + 52Ticm jn — gi,j]2 w;; (6)
i.J
~ ~ where s, = s160. Using the method outlined in [14], the
L(p) = Zfﬁjwi,j — ZZfi,jgi,jwi,j + Zgijwi,j. optimal shift (m,n) and the optimal coefficients,, s;
i,j i, i,j and se can be found efficiently. Once found, we compute

. . 2 6 usingf = sa/s1.
If our rigid-body transformation is limited to only trans-

lations, thenfm can be writtenf; ., ;_,, and the cost 3 M ETHODS

function is We implemented our method in MATLAB (MathWorks
Lp) = fo_mj_nwm — QZfZ—_m_’j_ngiiji_j Inc., Natick, Massachusetts). Given two imadeand g,
i,j 7 i and an alpha mapv that specifies a region of interest
2 (RQOI), it computes the optimal rotation, translation and
+D_ B Wis @ =V . | | _
- intensity remapping required to register the two images

over the specified ROI.
The first and second summations can be written as convo-The method was tested on a set of images obtained from
|Uti0nS, and it is these convolution terms that make this C% V|S|b|e Human Project (National Library Of Medicine)_
function expensive to evaluate. For example, when aligningh axial slice through the head of the Visible Male was
two N x N images, a_9|0bai search over all possiblghosen, for which we obtained PD-, T1- and T2-weighted
integer shifts would requir€(N*) operations. However, it magnetic resonance (MR) images. Originally, the three MR
is well known that a convolution can be evaluated USing thﬁages were all registered_ Three different a|pha maps
Fast Fourier Transform (FFT) i@(N? log V) operations. were designed, each containing a different size of ROI:
The method stems from the fact that a convolution ¢f small ROI that covered approximately one quarter of the
two signals is equivalent to performing an element-wisgead, a medium ROI that covered half of the head, and a
muItipIication of their Fourier CoefﬁCientS, and taklng thQarge ROI that covered almost the entire head. The image
inverse Fourier transform of the result. o background was not included in any of the three ROIs.
In [13] it was shown that, in conjunction to finding theFrom this set of three MR images and three ROIs, a total
optimal translation, the globally-optimal linear intensityof nine different image-ROI pairs could be used gsv
remapping could also be computed efficiently, thus findingairs for registration (see equation (6)).
values form, n, so, ands; to minimize To objectively test the proposed registration method,
4) a series of trials was set up using the MR images and
alpha maps (ROIs). Fifty rigid-body transformations were
randomly generated by choosing rotation angles uniformly
In other words, the best brightness and contrast adjustm@@in the range [5°, 5°], and z- and y-shifts uniformly
can be determined simultaneously with the best translatigrom the range [-50, 50]. These rigid-body transformations
In [14], this method was generalized to include nonlineggere applied to each of the three MR images and three
intensity remappings _(compo_sed of linear combinationgpha maps, creating 9 differegtw pairs for each of
of user-specified basis functions, such as powersf ofthe 50 transformations (for a total of 450 differegiw
or trigonometric functions off). However, while these paijrs). Our experiments involved registering the original
methods find the globally-optimal translation, they do nQ§iR images with these moveg-w pairs. The goal was
account for any rotation. _ to have the registration method determine the rigid-body
Building on theses methods, we now derive a way t@ansformation (ie. find the motion parameters) used to
include rotation. Consider the linear approximation to thgisplace thesg-w pairs.
motion transform, Each of the three original MR images was registered
N with each of the 450 displaceg-w pairs, for a total
Tf,p)~f+Jp ®) of 1350 registration scenarios. Of those, 450 correspond

IFrom this point on, unless otherwise stated, we will use the wol intra-modality (Within'mOda"ty_) Scenarios_' inwhich
“image” to include higher-dimensional datasets as well. each of the PD-, T1- and T2-weighted MR images were

min E [s0 4+ s1fi—m.j—n — 8i,j] Wi;-
m,n,sg,s1 “—
irj



registered with their corresponding displaced versions. Thandard for multimodal image registration. The difference
remaining 900 cases correspond to inter-modality (multbetween the average pixel displacements of the two meth-
modality) scenarios. ods is substantial. Using the linear approximation of rota-
As an error measure, average pixel displacement widan, our method produced and average error of 7.59 pixels.
calculated for all of the pixels inside the ROI. Since w&he average error for the mutual information method was
recorded the original motion parameters, the true shift wa83.65 pixels. As depicted in Figure 1 and Figure 2, finding
known and thus compared to the estimated shift obtaindte optimal linear intensity remapping when registering
by our method. Smaller average pixel displacement indiwo images using our method produced smaller registration
cates better registration. errors than mutual information. However, intensity map-
For comparison, we also performed the same registi@ing between different modalities typically is not linear.
tions using FSLs implementation of mutual informationf-uture work involves incorporating rotation and translation
FLIRT [8], [15], using 256 bins and trilinear interpolation.with higher-order intensity remappings. We expect that the
estimated rotation and translation parameters obtained with
4 RESULTS the higher-order intensity remapping will result in better
Table | shows the average pixel displacement for intr&€distration and even smaller average pixel displacement.
modality registration over the small, medium and large For mutual information test runs, parameter choices
ROIs. The average pixel displacement for intra-modalit¢€re not necessarily optimized. We did not endeavor
tests was negligible: for small, medium, and large ROI¥ find optimal parameters, but rather made reasonable
the average pixel displacements were 0.0072, 0.0086, d¥fameter choices for our test-bed of images used. The

0.1746, respectively. success of the mutual information method is hampered by
the problems with local minima in the cost function as well
Small ROI | Medium ROI | Large ROI as the lack of an efficient way to compute and optimize
PDtoPD | 0.0077 0.0107 0.1604 the cost function. Unlike our method, mutual information
TltoT1 | 0.0058 0.0079 0.2146 ;
T2 to T2 0.0081 0.0074 0.1483 does not perform well when the small ROI is used.
Overall 0.0072 0.0086 0.1746 In contrast to other iterative least-squares methods that
TABLE | use local information for gradient descent, our method
INTRA-MODALITY AVERAGE PIXEL DISPLACEMENT finds the globally optimal translation. The method is local

in terms of determining an optimal angle, but global in
terms of determining the optimal translation.
~ Our method’s performance in registering inter-modality gjnce the rotation is approximated, our method currently
images is displayed in Figure 1. For each of the ROI siz&§orks successfully on small rotation angles in the range
one histogram shows the distribution of the average pixgf (150 15°]. Future work involves enabling registration
displacements for the corresponding 300 cases. Figurg,g, images rotated by a larger angle. Furthermore, spatial

displays histograms showing the average pixel displacgsajing is not part of the transformation we are consider-
ment distribution for the mutual information method foring here. Incorporating scaling into the least-squares cost

the same dataset. Table Il provides the comparison betwggRction is the next logical step. We are investigating the

the two methods. possibility of integrating scaling into the cost function
ROI Size | Our Method | Mutual Information using a linear approximation.
Small 6.79 79.76 Currently we are working on using this method to match
MLe;r;’é“ oae e dental x-rays for forensic human identification purposes.
Overall 759 103.65 Given a postmortem dental x-ray with an alpha map (ROI),
TABLE || we compare it to set of antemortem dental x-rays in order

to retrieve a closest match. Initial experimental results
indicate that matching dental records using our method is
viable.

INTER-MODALITY AVERAGE PIXEL DISPLACEMENT

5 DISCUSSION AND CONCLUSION

Our method efficiently evaluates the least-squares cd%tCKNOWLEDGMENT
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