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Incorporating a Measure of Local Scale in
Voxel-Based 3-D Image Registration

Laszl6 G. Nyul, Jayaram K. UdupaSenior Member, IEEEand Punam K. Sahember, IEEE

Abstract—\We present a new class of approaches for rigid-body mainly functional information and lack anatomic details, and
registration and their evaluation in studying multiple sclerosis vice versafor CT and MRI. Registration helps associating the
(MS) via multiprotocol magnetic resonance imaging (MRI). Three  ,n¢tional activity information with specific anatomic regions.

pairs of rigid-body registration algorithms were implemented, . . o .
using cross-correlation and mutual information (M), operatingon  2) When using different protocols within the same modality

original gray-level images, and utilizing the intermediate images for the same body region, for example, T1-weighted images
resulting from our new scale-based method. In the scale image, of the brain before and after administration of Gd-DTPA
every voxel has the local “scale” value assigned to it, defined as the contrast agent. Here registration helps to identify the regions
radius of the largest ball centered at the voxel with homogeneous in- 14t enhance and thereby to study certain disease processes. 3)
tensities. Three-dimensional image data of the head were acquired S ired for th bod . ina th

from ten MS patients for each of six MRI protocols. Images in some cene.s are a(.:quwe .or -e same body re.g|on. using theé same
of the protocols were acquired in registration. The registered pairs Modality for different time instances. The time instances may
were used as ground truth. Accuracy and consistency of the six be close to each other for studying the motion or displacement
registration methods were measured within and between protocols of an object in the body region, or they may be far apart for
for kn_own %moupts ofmlsreglstratl_ons. O_ur ar_1a|ys_|smd|cates that studying longitudinally the growth or change in an object. 4)
there is no “best” method. For medium misregistration, the method | tain int ti | d inf tion derived f

using MI, for small and large misregistration the method using n ce.r an in erven |on-§ proce ure;, In orma |.0n er!ve rom
normalized cross-correlation performs best. For high-resolution acquired scenes is utilized to provide navigational aids for the
data the correlation method and for low-resolution data the Ml devices used in the procedure. In these situations, it becomes
method, both using the original gray-level images, are the most necessary to register the device, the body region, and the scene.
consistent. We have previously demonstrated the use of local 5y geanes acquired for a given body region are to be matched
scale information in fuzzy connectedness segmentation and |maget terized atl del for th bod .
filtering. Scale may also have potential for image registration as 0 _a _compu erize a_ as or mo e Qr_ e same O_ y regl_on.
suggested by this work. This is oftgn helpful in studying stat|§t|cally the yanauons in

Index Terms—Correlation, image analysis, image processing, .Certam object mea;ures over a SUb.]eCt. population as well as
image registration, image scale, magnetic resonance imagingin Scene segmentation. N.O reglstrgyon is needgd .between two
(MRI), multiple sclerosis, mutual information. scenes if both the following conditions are satisfied: a) The
same objects of study are observable in both scenes and they
do not change shape. b) The relationship among them and to
the scene coordinate system does not change. For any objects,

HE purpose of image registration is to represent infoeven static, in any body region, these conditions are difficult

mation pertaining to the same object system of studg fulfill, and therefore, registration becomes necessary in the
in a common coordinate system. Registration becomes nsituations described earlier.
essary primarily in the following situations: 1) Scenes are Registration methods may be categorized in several ways.
acquired for the same body region from different modalitie§or surveys covering and classifying most of the image regis-
for example, computed tomography (CT), Magnetic resonantation literature, see [1] and [2]. Broadly, registration methods
imaging (MRI), functional MRI (fMRI), and positron emis- may be divided into two groupscene-basedndobject-based
sion tomography (PET), for a patient's head. The need for scene-based methods [3], the transformation needed to
registration comes from the fact that fMRI and PET provideonvert a given scene to match spatially with another given

scene is estimated by matching the intensity pattern in the
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A. Registration as Applied to Studying Multiple Sclerosis (MS) Il. METHODS

Much of the motivation for this investigation originated from We represent aimageor sceneby a pairC = (C, f) where
our on-going research in MS image analysis. Therefore, we sh@llcalled thescene domainis a three-dimensional (3-D) array
describe briefly in this section this basis as related to MS. Tleévolume elements (voxels) covering a body region of the par-
most commonly used metric to clinically measure disease pitgsular patient for whom image dat@ are acquired, and is
gression in MS is the expanded disability status scale introducedunction (calledntensityfunction) whose domain i€’. Al
by Kurtzke [6]. The clinical quantification of disease severity ithat is presented in this paper generalizes in a straightforward
this method is subjective and sometimes equivocal. The dev@anner to vector-valued scenes, that is, wlifeis a vector-
opment of new treatments demands objective outcome measWy@lged function, although we assume tifias scalar-valued.
for relatively short trials. Therefore, MRI has become one of the
mostimportant paraclinical tests for diagnosing MS and in moA- General Scheme for Registration

itoring disease progression in MS [7]. In this paper, we confine ourselves to the evaluation of
MRI has proven to be a very sensitive marker of the M@gid-body scene-based registration methods. Here, we are
disease since macroscopic areas of damage or loss of mygjtiking for a coordinate transformation that maps coordinates
can be imaged with hyper or hypo intensity with respect & sceneC;, into coordinates in scen€;; such that some
the surrounding tissues. A variety of protocols are being igimilarity measure betweel€;; and the transformedC;,
vestigated for improving the conspicuity of the lesions in thg maximal. Formally, in scene-based registration, the input
images in the early inflammatory stage and in the advancida pair of scene€;; = (C;1, fi1) andC;2 = (Cia, fi2)
stage for both the microscopic and macroscopic processefsthe same body region and the output is a pair of scenes
T1-weighted imaging without and with Gd-DTPA enhance€,1 = (Co1, fo1) and Coa = (Coa, foz). Assuming that
ment (T1E), dual spin-echo imaging providing the T2 an€:» (the test scenkis to be matched witlC;, (the reference
the proton density (PD) values for each image element, ad€eng, the output scenes are such ti@; = C;; and
magnetization transfer (MT) imaging are all utilized for charCo2 = T(Ci2) = (Ci1, fo2), whereT consists of a geometric
acterizing and quantifying MS. transformatior¥; to registerC;, with C;; and an interpolation
It is clear that the various MRI methods provide somewha&peration]; to estimate scene intensities at the new locations
disparate pieces of the information relating to the MS puzzIfr €ach voxele in C;,. An appropriate scene-based or ob-
The use of quantitative MRI in predicting the onset of MS ani§ct-based interpolation method is utilized for this purpose. A
in assessing disease severity in established MS is actively pliiority of the existing scene-based registration methods are
sued at present [8]. In all such efforts, image registration to cor‘ﬁf— the rigid type [3], [16]_[_19]' They can all be characterized
bine the complementary information from the images acquirgaore-or-less by the following process.
under different protocols becomes vital. Many of the image seg- 1) (Optionally) interpolateC;; and C;, to make voxels
mentation methods for MS require one or more preprocessing  ¢ubic and equal in size in both scenes.
operations, including registration to handle multichannel fea- 2) Choose &riterion functionG for determining the degree
tures [9]-[14]. Registration is also utilized in the evaluation of ~ Of match/mismatch between (the transformét) and
techniques that try to assign tissue-specific meaning to the nu- C?l, apd select 8t9pp|_ng cntgn_opS. .
merical intensity values in commonly used protocols such as T1,3) I_nltlallfz(ejf by Sett'ﬂlg It lt_o an !nr:tgl translation and rota-
T1E, T2, and PD [15]. New quantitative measures are also being tion of C; to roughly align withCi;.

developed from the images for each of several tissue regions in—4) OptimizeG;(T’) as a function off’ [and of S(1')] by in-
P 9 9 crementally modifyindl” and re-evaluating (7).

cluding the whole brain parenchyma (BP), gray matter (GM), T ) i i
white matter (WM), lesions (LS), and cerebrospinal fluid (CSF Tﬁ:;;?:;'i'ﬂ?g:; rr??Sr?ftilgéha?nzlirﬁ;e;gr;;tnhgoSrsitz:ﬁ)g how
for patients with relapsing remitting, secondary progressive, a . L o

pat W psing "ing y progressw %selected and ho@(T) is optimized. Examples of criterion

chronic progressive MS. These methods also depend on im ) ) . - ) "
prog P ctions used include correlation coefficients of intensities or

;reogr:t_r:;or; :2 S.:S;T;:y’ :;e zti(:yeof];ol\r/tlss 'Ea;'gsr?jar?étpc?nn?ré intensity features [17], [20]-[22], variance of intensity ra-
'mag gl 1on. HOWEVer, ! IS dITeCtion MMy,q [22], [23], histogram dispersion [24], and mutual informa-

actual (_:Imlcal studies are rather sparse _and focussed mamlytl%rl)] (M) [25], [26]. The search technique in Step 4) may use,

observmg enhancementin postcontrastimages upon S”btracf&'%xample, Powell's method [27]-[29], the downhill simplex

from registered precontrast images. method [30], stochastic search [25], genetic methods [24], or
(semi-)exhaustive search.

B. Summary of Work

We describe the registration methods compared in this wddk Scale as a New Feature
in a general framework in Section II. A brief description of the |n scene-based methods, the match/mismatch criterion func-
new scheme using object scale is given here as well as the det@dis G may be evaluated directly from the input scenes or from
of our implementation. The clinical data and experiments ageme feature scenes extracted from the original scenes. Several
described in Section Ill. Results and discussion are presentefbatures (such as edges, ridges, troughs) have been proposed for
Section IV, and concluding remarks in Section V. scene-based image registration in the past [17]. We propose a
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For a ball By, (c) of any radiusk > 0 and centered at, we
define afraction of object F Oy , (c), that indicates the fraction
of the ball boundary occupied by a region which is homoge-
neous withe, by

Wy (1f(e) = f(e)])

e€By,, (¢)—=Br—1,.(c)
|Br,v(¢) = Br—1,,(c)]

Fig. 1. lllustration of local structure size (scale). An MRI slice of a Mswhere|Bk V(C) — Bi_1 :/(C)| denotes the number of voxels in
patient’s head (a), the corresponding scale image (b), and part of the original ’ ’ . . . .

slice enlarged (c) to show details. In (b), scale values are not shown for %, () — Br—1,(c) andWy is a homogene'ty func'tlon. In ”_“S
background part of the slice. paper, we use a zero-mean unnormalized Gaussian function for

Wy. The algorithm for object scale estimation is as follows.

FOk,,,(C) =

)

new feature—the (local) object-scale—that has been recently .
used for aiding image segmentation [31] and filtering [32]. Algorithm OSE

“Scale” is a fundamental, well-established concept in imaggPut ~ C. ¢€C, Wy, a fixed threshold bs-
processing [33]. Our idea of “scale” [31], which is somewhaputPut: — 7(c).
different from a similar concept used in computer vision [33 ,egtln ko 1

is to determine the size of local structures under a prespecifie%fa :
region-homogeneity criterion. For example, in Fig. 1, local sizé"’hlle FOpy(c) > 15 do
of the structure to which voxel belongs is bigger than that to set k o k+1L

which ¢ or r belongs. There are other approaches to determing"dwhile;

local scale measures. Pizetral. [34] defined optimal scale at set r(c) to k-1

each spatial location as the scale for which “medialness” medfUtPUt r(e);

sure reaches a local maximum along the scale direction in t‘ﬂ%d

scale-space representation. In their medialness model, scale rep-

resents the distance at which a pair of opposing boundaries aréhe algorithm iteratively increases the ball radiuby one,
expected. In their interpretation, no continuity of homogenei§farting from one, and checks 610, (c), the fraction of the

is used, whereas, in our approach, the Concept is rather 5|mgiggct Containing: that is contained in the ball. The first time
Obiect size is determined by |00king for discontinuity of homo\L\/hen this fraction falls belows, we consider that the ball con-
geneity in images, and the computation is simple [31]. tains an object region different from that to whietbelongs.

We definescalein an imageC at any voxelc € C as the Following the recommendation in [31], we use= 0.85.
radiusr(c) of the largest ball centered atwhich lies entirely ~ To determine the standard deviation (SB)of W, we first
within the same object region (defined under a prespecified &mpute the local in-plane intensity gradients over the entire
gion-homogeneity criterion). This adaptive scale concept hggene domain between all pairs of neighboring voxedsidd
evolved in connection with fuzzy connectedness principles [3®herec andd are in the same slice. (We exclude local out-of-
and represents the local size of the object at the voxel. In [3P]ane intensity gradients, since the out-of-plane resolution is
a simple and effective algorithm has been described which ¢§ually coarser). Here, local intensity differences are taken in
timatesr(c) at every location: € ' in any imageC without bothz andy direction over the entire scene and pooled together.
explicit object segmentation but based on continuity of regiote upper 10% of the gradients are then discarded in order to
homogeneity. It has been shown in [31] that this informatiopccount for inter object boundaries; the melp and the SD
of scale leads to a significantly improved object segmentatiofr. @re then computed over the lower 90% gradients. Finally,

For completeness, the algorithm for scale computation is repfos 1S taken to beVlj, + 30y, In this fashion, the only param-
duced below. eter required in the method is determined automatically. A pair

Let v = (11,12, 13) be the size of the voxels in the givenof neighboring voxels will be then assigned a value of intensity
sceneC = (C, f), wherev, 5, andus are the length of the Similarity depending on their intensity difference and the noise

voxel in the three principal directions in some measurement uHltthe entire scene that is measuredsy
(millimeters in our application). Aall By, ,,(c) of radiusk > 0 Several hundred studies have been processed automatically
and with center at = (c1, ¢z, ¢3) € C in C is defined by and successfully using this method of scale estimation in
our ongoing projects for different protocol and body region
3 o 2 combinations in several image segmentation applications. The
Bi,(c)={eeC Z M <kyp. (1) scaleimage forthe MR slice of an MS patient’s head, shown in
' i iy [Vj] Fig. 1(a), is shown in Fig. 1(b). As can be seen from the image,
interior regions have higher scale (brighter intensities) while
Note thatB;. ., (¢) forms a digital ball when the spatial resolutiordetailed structured regions as well as boundary vicinities have
is isotropic and a digital ellipsoid when it is not. The equatiolower scale (darker intensities). One set of our new methods
is formulated so that, in both caséds, , (c) represents a (quan- used scale values directly as registration feature. In these cases,
tized) ball in the scene domain. We will refer ), ,(c) as a the registration method tries to match potential boundary re-
ball irrespective of whether or notis isotropic. gions to boundary regions, and homogeneous “flat” regions to
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flat regions. Incorporating boundary information in this mannés usually blurred. As long as there are sufficient similar struc-
into the registration method results in improved matchinmres in the images, the matching algorithm performs well, even
accuracy in certain cases. Our approach has the advantagwiti some dissimilarities present in the images.
not requiring edge detection or explicit segmentation (which For any reference scel& and test scen€s, the correlation
is a challenging task on its own). It uses information relatingieasure” R(C1, C) is defined as
to the approximate whereabouts of the boundaries (regions of
small scale) in a fuzzy manner. CR(Cy,C2) = Y filc) - falc). 4
ceCy

. T f i 1 i
C. Transformation We confine the computation @ R(Cy, C») to those voxels

In our application (registering MRI head datasets for thghich were within the head volume, thus excluding the large
purpose of computing MS. d_lsease-sp§0|f|c .measures), #@a of the more-or-less homogeneous background. The hypoth-
rigid-body assumption is satisfied well, since, in all cases, th&js for registration here is that the criterion functiéng (7) =

images utilized in this study were acquired in the same sessio(C,, 7'(C,)) is maximized when the imag€s, and7'(C>)
on the same scanner. Therefore, scanner calibration problegs, in spatial registration.

and geometric distortions, as well as patient-related changesye define normalized correlation as
(due to disease evolution) can be neglected.

The geometric parf; of a 3-D rigid-body transformation Ce%l Fi(e) - fa(e)
T can be described by six parameters: three global translation CR,(Cy1,C2) = 5 — ()
componentst,, t,,t.) and three rotation anglg.., ¢, ¢-) > file)- 2 f3(o)

. . . .. eC eC
around the three coordinate axes. In our application, the origin = =

of the coordinate system was placed at the center of the scqf criterion function for the normalized casede r, (T) =
domain and the axes were defined by the natural directions of g (C,, T(C,)).
digital scene. The transformatidhy; is given by applying the  Gijven that both images to be registered show information
three rotations and the translation component in the followingyout the same underlying anatomy, there is M| between the
order: two images. Ml is a basic concept from information theory, mea-
suring the statistical dependence between two random variables

(3 or the amount of information that one variable contains about
the other.

We treat the intensity values= f,(c) andb = f»(c) in the
two scenes that are to be registered as random varigbéesl
B, respectively, over the scene domain. Estimations for the joint
and marginal distributions of andB can be obtained from the
joint and marginal histograms of the two scenes. Ml is defined

) ) in terms of entropy in the following way:
There are several measures proposed in the literature to

define the degree of match/mismatch of two scenes. We utilized MI(A,B) = h(A) + h(B) — h(A, B) (6)

three different matching criteria to guide the search for optimum

registration: cross-correlation, normalized cross-correlatiofinere(A) is the entropy of the random variabl, and is

and mutual information. defined ash(A) = =", p(a)lnp(a), h(B) is defined anal-
Correlation techniques [3], [16], [36] perform well in mono-0gously, and the joint entropy of two random variabteand B

modal registration wherein there is a linear relationship betweisn(4, B) = — -, , p(a,b) Inp(a, b). The criterion function

the measurements for the same spatial elements in the twoidhis case is simply defined &/, (7)) = M1(A, B'), where

quisitions. However, they are generally not the best candidatéind B’ are random variables representing intensitie€in

for matching images from different modalities because this sg@nd7’(C2), respectively. Probability(a) for a given intensity

cial relationship is usually missing. In our application, howeveyaluea in C in the above entropy formulation is estimated as

the correlation method was expected to work well since, in 4he number of voxels i having value: divided by the size of

cases, we register MR images and we expect some relationghighat is

among the intensity values in the various MRI protocols utilized 1

in our application. pla) = el l{c € C|f(c) = a}|. (7)
When using object-scale feature for computing the mismatch

function, that is, when registering the two scale images, the taskVI as a match/mismatch measure for image registration has

can be considered as a mono-modal registration problem, sibbeen investigated by several groups [19], [25], [26]. The pub-

the scale values represent the same property. However, the lisRed results show that Ml gives one of the best registration re-

ferent protocols show different contrast between tissues and thits in multimodal image matching. This technique does notre-

scale images may not show exactly the same objects always. aire anya priori model of the relationship between the modal-

example, in PD images, GM and WM are portrayed well, aritles. It assumes only that one volume provides the most infor-

CSF is somewhat less prominent, while in T2 images, CSFrigation about the other (i.63,7(7") is maximized) when they

the most visible object, and the interface between WM and Gate correctly registered.

Te =DoR,oR,0oR,

whereT represents the global (composite) transformation,
represents translation, amtl,, R,, and R. represent rotation
around ther, y, andz axes, respectively, anddenotes compo-
sition. ForTy, we used trilinear interpolation.

D. Matching Criteria
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ConsideringGcr(T), Ger, (T), andGyr(T), and letting angles, and if the program detected such a problem, it swapped
C; andC,, also be scale images of the given reference and télsé principal axes.
scenes [folGcr(T) andG 1 (T)], we consider the following

six strategies for registration: F. Search
1) correlation of original scenes (c,0); One of our previous implementations for multimodal image
2) correlation of scale scenes (c,s); registration used exhaustive search to minimize the cross-corre-
3) normalized correlation of original scenes (cn,o); lation function [36]. Translations were varied in one voxel steps
4) normalized correlation of scale scenes (cn,s); and rotations in a quarter-degree steps. Since this approach in-

5) Mlin original scenes (m,o); volves evaluation of the correlation function for a large number

6) Ml in scale scenes (m.s). of positions, it was computationally expensive. To reduce com-

Our way of incorporating scale information into the registrgsytation but still have the necessary capture range and preci-
tion measure is one of several possible. A different scale-sp%q:gn’ we used a multilevel approach. Multilevel methods are
approach is used by another group [16], [17], [37] to combingiqely used in the literature for registration [36], [39], [40].
geometrical information with the correlation measure for theney have proved effective in reducing computation time as well
purpose of improving registration. They use gradient operatog jn helping to avoid local minima. In this paper, we used a
derived from Gaussian filter of a certain scale parameter 10 qi;oq_|evel Gaussian pyramid, each level being twice as coarse
terr_mne fche rl_dgeness of a voxel_that is subsequently usediﬁr}esolution as the previous, level 0 being the original resolu-
their registration measure. In their approach, the scale par n. However, since our data are highly anisotropic:(iirec-

eter is selected from a set of values after inspecting their eff%%%), we applied filtered subsampling within slices only. Thus,

on the ridgeness measure. Once selecting the “optimal” valy : .
: : : . —_al'the coarsest level (level 2), the data resolution was approxi-
the same scaling parameter is used for the entire scene (in fact : :
mately isotropic.

for all scenes of the same kind). It is shown in [29] that incor- : . : .
porating gradient information as a weighting factor into the Ml At each hierarchy level, an optimal solution was determined
hich was used as the starting point for the next level. At the

measure improves registration in terms of avoiding local optin?f\é ¢ luti h initialized by th incinal
while keeping the accuracy achieved by using the original vfvest resolu |o,n, search was Initialized by the principa’ axes
hod. Powell's multidimensional direction set method [41]

measures. Here, the gradient is computed by using a Gaus q L h iterion f ion b . :
kernel of a fixed scale, too. In our approach, scale values are @S Used to optimize the criterion function by using Brent's

to the voxels and their surroundings, and therefore, are spatieﬂf‘ -d|mer13|onal opt|m|zat|on.algo-r|thm for. I|r?e m]n|m|zatlorls.
variant [31]. Af each hierarchy level, the direction matrix is initialized with

translation steps corresponding to the in-plane size of one voxel
E. Initialization at that resolution, and the rotation step size is chosen such that it

. . . _._corresponds to one translation step at 60 mm from the center of
In almost all practical cases, the functions we try to optimize

have several local optima. Assuming that reaching the globrofatlon' Following the suggestions of [26], we used the param-

. ) . L eafer orderingt,, t,, ¢., ¢, Py, t.), SO that images get aligned
optimum is desirable, good initialization close to the global op-. . . qta, Y & %J Py, ) . ges get alig
. . . . . - .. within the plane first, which may facilitate the optimization of
timum is, therefore, very crucial for an iterative optimization) . ,
) . . the out-of-plane parameters. The fractional tolerance for Brent's

process to avoid local optima as much as possible. In mostcases, . = " " . 4 ,
. IN€ minimization method was set to 20", that for Powell's

the two scenes to be registered cover almost the same body re- 3 ) . . X
. - . . S meéthod to 107, and the maximum number of iterations in one
gion and have similar orientation by acquisition. However, for

different acquisitions, the field of view (FOV) may be diﬁerenfggoprrvgsnﬁ::gng xgririgtpsr;lidp?get!rsmrggz()d'Jhe trans-
f— 2 f—

and repositioning errors always occur. Usually,_one of the "B?SG mm in all our data) and the rotations in degrees. Double
ages can be automatically corrected for scale differences by in-

terpolation. Identifying the same position (volume of interesEre.CISI.On floating point arithmetic was used throughout the op-
. . . mization process.
and orientation, however, usually requires manual help from the
operator.
We initialized the transformatiof' by aligning the centroids
and the principal axes of the two scenes. Sometimes this prfh- Data

cipal axes method itself provides the final registration [38], but pMR| head datasets of 10 MS patients (two male and eight
oftenitis only the initialization step to a more sophisticated regsmale, age between 36 and 50 years, mean 43, SD 4.5) were
istration method. The background (outside the head) was sgged in the experiments described below. The patients and
mented by thresholding, and the foreground was used to cofiatasets were randomly selected from our database which
pute the centroid and the principal axes. Since we knew that §htains about 100 patients with about 4000 3-D scenes
orientations of the original scenes are similar, the eigenvectetsmprising fast-spin-echo dual-echo (FSE) T2 and PD studies,
were selected such that the least amount of rotation is involved and T1E studies, and MT studies. For each patient, six
in the initial match. There may be other problems with this indatasets comprising FSE T2 and PD, T1 and T1E, and MT
tialization. For example, when the eigenvalues are very similavithout and with saturation pulse (referred to as MT1 and
itis possible that the wrong axes are matched and large rotatidfis2 studies below) were selected. The datasets of each patient
are introduced. We prevented this by a constraint on the rotatiwere acquired in a single session. FSE PD and T2 scenes are

I1l. EVALUATION



NYUL et al. INCORPORATING A MEASURE OF LOCAL SCALE IN VOXEL-BASED 3-D IMAGE REGISTRATION 233

Fig. 2. Original corresponding slices of each of the six datasets (FSE PD, FSE T2, T1, T1E, MT1, MT2) of one patient before registration (firstftew) and a
registration (second row). Slices of the scale images corresponding to those in the first row are shown in the third row. (Scale values are nttsbaskgiamund
part of the slice). Note the similarity of the scale images across all protocols.

in registration by acquisition and so are the two MT scene§PD,T2,T1,T1E, MT1,MT2}, and resliceC to create
The selected datasets were visually inspected and foundato artificially misregistered versionC, = T;(C), by
be of good quality having no severe artifacts. Although orepplying a known transformatiorf. For each method
dataset contained visible movement artifact, we kept it for the € {(c,0), (¢n,0), (m,0), (¢, s), (en, s), (m, s)}, find trans-
experiment. Unfortunately, artifacts occur in real situations arfiormation 7, which registersC, with C, and comparé/},
we wanted to evaluate the registration methods in nonidealisticd 7}, .
real situations. Using the pairs (PD, T2) and (MT1, MT2) which were in

All datasets were acquired on the same GE Signa 1.Bdgistration at acquisition, we can assessrmodality accuracy
scanner and consisted of contiguous axial slices covering the similar way. The only difference is that, the resliced scene
entire brain with slice dimensions 256256, pixel size of is registered to the other scene from the pair (e.g., rotate and
0.86 mn?, NEX = 1, andFOV = 22 cm. The MT images reslice the T2 scene and then register to the PD scene).
were acquired at 5-mm slice thickness while the other four Intermodality consistencyan also be assessed by uti-
were acquired at 3 mm. For all patients, for the MT imagkzing the registered pairs. Register a sce@deof protocol
acquisitionTR = 106 ms andI'E = 5 ms, for the T1-weighted P to both scenes from a pair (e.g., register a T1 scene to
studies (with and without enhancemerfR = 600 ms a T2 and to the corresponding PD scene) and compare the
andTE = 27 ms. For the FSE acquisitions, for all patientéwo resulting transformations. This can be repeated for
TR = 2500 ms, with TE= 16-18 and 80-96 ms. For each? € {T1,T1E,MT1,MT2} by using the PD-T2 pair as
patient, the four 3-mm datasets consisted of the same numteference, and fo® € {PD,T2,T1,T1E} by using the
of slices (45-58), all 5-mm datasets included 28 slices. SlicB1-MT2 pair as reference. From the three groups together,
of images of the six protocols from one patient are displayae have a total of 54 experiments, each involving ten data sets.
in Fig. 2.

C. Figures of Merit

B. Experiments In each experiment, we compare two transformations. In

The scenes were misregistered by known amounts of trangdlze accuracytests, these are the known misregistration and
tion and rotation (3—3 each). The pairs that were in registrationthé transformation found by the method in case, and they are
acquisition were used as ground truth, and the accuracy and cexpected to be the inverse of each other. In ¢basistency
sistency of the six registration methods were measured withasts, the two registrations to scenes of the registered pair are
and between protocols for small, medium, and large misregistcammpared and they are expected to be equal. We measure
tions, thus resulting in a data set of 540 3-D scenes§% 10). the error between two transformations by the mean of the
(The extents of these misregistrations are described later.) root-mean-square error (RMSE) for the eight corner voxels of

To assessntramodality accuracy we used the following the box approximately bounding the head, i.e., the volume of
procedure: Take a scen€ from each protocol in the setinterestin our application.
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o1 IV. RESULTS AND DISCUSSION

First, criterion functions are plotted in intramodality and in-
termodality registration situations to allow visual comparison
of their robustness against translation and rotation errors. Then
methods are compared numerically, illustrated by tables, using
the composite “goodness” measure described in Section Ill.

A. Visual Comparison of Registration Functions

0,00 W, 1,0) If criterion functions are plotted as a function of misregistra-
tion, visual inspection of these plots may point out differences
Fig. 3. Mapping the number of wins, losses, and nonsignificant differencetween different functions and show their possible strengths
into a single "goodness” value for comparison. See text for details. or weaknesses if used in an optimization process. Plots of these
kind for the six registration methods described in this paper are
We combined three different rotations (0, medium, and largé&own in Fig. 4 for intramodality and in Fig. 5 for intermodality
angle) and three translations (0, medium, and large displa¢egistration. Criterion functions are shown as a function of trans-
ment) to introduce nine different misregistrations. All nonzer@tion in z direction (in one voxel step) and rotation around
translations and rotations were such that all three directions/aie@ z axis (in I° steps). The functions were evaluated for the
were involved: rotations were about 2.8nd 10, respectively, Whole 3-D datasets, however, transformations did not involve
and translations were about five pixels (4.3 mm) and 25 pixe®sit-of-plane components. For the intramodality example, a PD
(21.5 mm), respectively. To reduce the number of comparisoy@ume of a patient was used and for the intermodality example
and possibly improve statistics, we divided these nine trarf§e same PD and the corresponding T2 volume was used. It is
forms into three groups of misregistrations. After examiningssumed that no transformation is required for perfect registra-
the results for each transform, we decided to combine thdi@". since we register identical scenes and scenes that are per-
involving the same amount of rotation, since the methods pé@ctly registered at acquisition. Similar plots with similar trends
formed with similar errors within these groups. were obtained—although not shown here—for other protocols
We devised a ranking system for the methods as follows. Eddr¢: T, TLE, MT1 and MT2 intramodality, and MT1 and MT2
registration task is performed on datasets of ten patients. Bgermodality registration) and other datasets.
each method and misregistration (and patient data), for eacffi9s- 4 and 5 are similar to plots in [29] and [42], thus al-
comparison (i.e., accuracy or consistency test, see above),/Q4ng easy comparison of the behavior of our proposed reg-
computed the mean of the RMSE for the eight corner voxdfgration measures with those proposed by other groups in the
of the box approximately bounding the head. We can use tp]%ld. Horizontal axes correspc_)nd to the gpphed misregistration
pairedt-test to compare the errors of two methods performiljg;%voxels_ or degrees, respectively). Vertical axes correspond to
the same task (same misregistration, same protocol, ten diffe criterion function values. Aptual value_s alpng the vertical
datasets). Based on the mean RMSE, one of the two methoo‘g_ s are not Shc?""”' however, since they differ in orders of mag'
either significantly better than the other (i.e., smaller error), <5lrltUde among different functions and protocols and are not di-
there is no significant difference between the two in performi ctly compa'rable, and the actual ranges are not relevant to a
that particular task. For each misregistration group, for eachr lgeent optimizer anyway.

sonable pair of methods, for each task (protocol, accuracy/co Interpolation artifacts are studied in [29], [42], in the context

sistency test), we count the number of occurrences of significritogt'mage registration using M. The *typical” pattern due to in-

wins, losses, and nonsignificant differences of the methods mrpolatlon [42] does not appear in our translation plots, since

: L nslation wa lied in voxel st nd no interpolation ac-
guestion. Based on a combination of these counts, we rank Ehae S1atio s applied oxel steps and no interpolation ac

e ) ) . tually took place in this case. However, linear interpolation was
methods within a particular task. Let us consider a particular y P P

. . A ; used in the rotation examples.
triplet of wins, losses, and nonsignificant differen¢es!, n). P

The total ber of ) tor thi icul ot The extremely sharp peaks for (m,0) in Fig. 4 are due to the
€ total number of comparisons for this particuiar case 1S Tlfck of interpolation errors and due to the fact that identical im-
sumX = w+Il+n. We normalize the number of wins and losse

ges are being matched. This MI peak spreads a little in the case
to getvaluesintherange, 1]: W, = w/X, L, =1/ X. Apar- g g P P

) : . ’ i o of scale images (m,s). Scale images in our implementation have
ticular configuration of wins and losses can be identified by@nly 12 distinct values and assume a strong smoothing effect.
point with coordinatesV,. and L,

_ I L, in the normalized win-10Ss 11,6 ¢ relation measures have similar shapes and have sharper
plane (Fig. 3). The closer this point is to the 0) point (@l he44s when applied to the scale images. In the rotation experi-
wins) and the farther it is from th@, 1) point (all losses), the et (second row), normalized correlation on scaleimages (cn,s)
better the configuration is. We use the following formula to oM e ms 1 eliminate noise (perhaps due to interpolation) along the
pute the “goodness” valugy) of a particular win-loss configu- ¢rve that shows on the standard correlation function on scale
ration: images (c,s). It would be worth studying as to what effect the

gray-scale resolution utilized for scale has on the performance of
Lo (A= L)*+ W2 (8) thethree scale-basedmethods. It may improve their performance
CWa JO-W )2+ L2 but will clearly be computationally more expensive.

v
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Fig. 4. Criterion functions for the six methods for PD intramodality matching, as a function of translatiatinection (first row) and as a function of rotation
around thez axis (second row). See text for explanation.
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Fig. 5. Criterion functions for the six methods for PD-T2 intermodality matching, as a function of translatidir@ction (first row) and as a function of rotation
around the axis (second row). See text for explanation.

Intermodality registration plots (see Fig. 5) differ mainlyotation cases, most of the error coming from translation in
from those in Fig. 4 in that peaks are more spread out. Hetke (low-resolution} direction. The RMSE was slightly higher
the two images contain different intensity patterns and pgaround 1 and 3 mm, respectively) for the 5-mm datasets.
haps different noise structure that make both correlation andOur analysis is based on all possible sensible comparisons
entropy-based functions smoother. Ml in the interprotoc¢l35 in all). The “goodness” valueg are shown in Table |
example seems to improve if applied to scale images (m(#)tramodality), Table Il (intermodality), and Table Il (consis-
instead of the original values (m,0) where local minimum is &ncy). Values for the 3-mm datasets are shown in the top half of
the optimal location (as also noted in [29]). each table while those for the 5-mm datasets are in the bottom.

In summary, all criterion functions studied herein seem to b&ows correspond to the methods, columns correspond to the
have well in case of translation and rotation mismatch in bothisregistration groups (small, medium, and large), and the com-
intraprotocol and interprotocol matching. Their numerical conpined values over all groups (total).
parison follows. Our overall observation is that there is no “best” method that
stands out in all cases. In total, there is significant difference
in performance for intraprotocol registration while for interpro-
tocol registration the best methods have more similar perfor-

In the majority of the 5400 registrations performed, thgance. The most competitive among the methods seem to be
RMSE of the resulting transformation was within the Subvox%n,o) and (m,o)_ We note that there are situations wherein (Cn,o)
range. In a few cases, the RMSE was larger than the voxel siz@etter than (m,0) andce versaand (m,s) is better than (m,0)
and there were a few situations in which the method did nghdvice versa
find a reasonable registration at all. When applying any methodmethod (m,o) using MI and the original intensities performs
to a large number of real images there is a chance that #st on intramodality registration for cases with medium
method will fail. The success of a registration method canngfisregistration, and for high-resolution data with small, and
be guaranteed, and when it fails, special care is required. Mast-resolution data with large misregistration. However,
of these failure cases corresponded to registering scale imageshod (cn,0) using normalized cross-correlation and the
with large misregistration (rotation). Since no ground-trutbriginal intensities is better for cases with large misregistration
registrations were available for our datasets, the results obtaired for low-resolution data with small misregistration. In total,
are potentially valid only for the complex combination of inpumethod (m,0) performs better for the 3-mm data and method
data, optimizer and criterion functions used. (cn,0) for the 5-mm data. Methods using scale images did

For the 3-mm datasets, the RMSE was around 0.5 mm foot get a high score; however, in the large misregistration
misregistrations with rotation and around 1 mm for the zergroups, method (m,s) ranks third. Similarly, in intermodality

B. Numerical Comparison of the Performance of Methods
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TABLE |
COMPARISON OFMETHODS FORINTRAPROTOCOL REGISTRATION.
THE GOODNESSVALUES v ARE LISTED

thickness

method small medium large total

(c,0) 2.188 0.192  0.046 0.344

(cn,0)  1.991 0.117  21.625 1.550

3 mm (m,0) 3.222 421.000  6.250 10.346
data (c,8) 0.353 1.230 0457  0.580

(en,s)  0.192 1.230  0.675  0.568

(m,s)  0.707 1.000  0.812  0.831

(c,0) 1.000 0310 0.053  0.322

(cn,0)  4.281 0.831 inf* 5.200

Smm (m,0)  1.625 2.500 2.643  2.188
data (c,s) 0.233 0.737  0.068  0.279

(engs) 0737 1.000 0.500 0.744

(m,s)  0.850 1.991  2.000 1.457

* The method significantly won in all cases, therefore, the denominator in the
formula for~ is 0, thus;y is infinity.

TABLE I
COMPARISON OFMETHODS FORINTERPROTOCOLREGISTRATION.
THE GOODNESSVALUES v ARE LISTED

thickness method small medium large total
(c,0) 1.355 1.176 1.000 1.168

(cn,0) 0400  0.615 4281 0.940

3 mm (mo) 1.153  0.737  0.867 0.907
data (c,s) 1.413 1.153 0.737 1.053
(cn,s) 1.000 1.153  0.615 0.907

(m,s)  1.000 1355 0.867 1.050

(c,0) 1.355 1.355 0.831 1.176

(cn,0)  1.000 1.991 1.737 1510

5mm (m0) 1.625 1.991  2.500 1.991
data (c,8) 0.575 1355 0.737 0.850
(en,s) 0502 0.076  0.502 0.310

(ms) 1355 0707  0.867 0.949

TABLE Il

COMPARISON OF METHODS FOR CONSISTENCY.
THE GOODNESSVALUES v ARE LISTED

thickness method small medium large total
(c,0) 2.828 1.153 1.286 1.555

(en,0)  0.502 0.928 1.991 0972

3mm (m) 1.071 0933  0.737 0.909
data (c,8) 1.679 1.071 0.737 1.080
(en,s)  0.557  0.801 0.801 0.717

(m,s)  0.801 1.153 1.000 0.976

(c,0) 1.679  2.828 1.625 1950

(en,0)  1.176  2.479 1.383 1.548

5mm (myo) 2.828  2.828 1.355  2.142
data (c,s) 0.737  0.502  0.801 0.675
(en,s) 0270  0.169  0.502 0.296

(m,s) 0.850 0535 0.801 0.722

registration, method (m,0) and (cn,o) beat the others in mosts,
groups, however, the scores are not that polarized. The Ml
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consistent than the others on low-resolution data, according to
our measure.

Our current implementation requires that both reference and
test scenes have identical level of discretization and size. It was
not affecting the results, since the original datasets were “com-
patible” and there was no need for extra interpolation. Another
implementation limitation is that the multiresolution pyramid is
computed only in:—y directions, such that, at the lowest resolu-
tion level, the reformatted data are close to isotropy. We chose
this implementation to compensate for the highly anisotropic
data.

V. CONCLUDING REMARKS

Three pairs of rigid-body registration algorithms were imple-
mented, using cross-correlation, normalized cross-correlation,
and MI, operating on original gray-level images and on the in-
termediate images (called scale images) resulting from our new
scale-based method. The scale images, are derived directly from
the original images.

Three-dimensional data of the head were acquired from 10
MS patients using six MRI protocols (T1, T2, PD, T1 with Gd,
MT on, MT off) and both intraprotocol and interprotocol regis-
tration results were analyzed among the methods. Our analysis
indicates that there is no “best” method, although there are sig-
nificant differences in the performance of the methods, for the
particular application of combining information from multipro-
tocol MR imagery for studying MS.

Our results showed that object scale information (like a set
of intrinsic markers) can be used in image registration to pro-
vide good results. We have previously demonstrated the use of
local scale information in fuzzy connectedness segmentation
and image filtering [31], [32]. Scale may also have potential for
image registration as suggested by this paper.
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