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Hierarchical Estimation of a Dense Deformation
Field for 3-D Robust Registration

P. Hellier, C. Barillot*, E. Mémin, and P. Pérez

Abstract—A new method for medical image registration is or functional [functional MRI (fMRI), positron emission
formulated as a minimization problem involving robust estimators. tomography (PET), electroencephalography (EEG), mag-
We propose an efficient hierarchical optimization framework netoencephalography (MEG)]. Merging these images is
which is both multiresolution and multigrid. An anatomical seg- . - o .
mentation of the cortex is introduced in the adaptive partitioning of deswaple so that mformat.lon is not excluded from the di-
the volume on which the multigrid minimization is based. This al- agnostic or the therapeutic process.
lows to limit the estimation to the areas of interest, to accelerate the » Registration of scans from different subjects. The non-
algorithm, and to refine the estimation in specified areas. At each linear registration of brains from different subjects allows
stage of the hierarchical estimation, we refine current estimate by us to build an anatomical atlas of the cortex. Some at-

seeking a piecewise affine model for the incremental deformation

field. The performance of this method is numerically evaluated lases already exist [44], [49], but they appear to be inad-

on simulated data and its benefits and robustness are shown on a equate, because they often lack legibility and capacity to
database of 18 magnetic resonance imaging scans of the head. evolve, and their interpretation is very difficult [27]. The
Index Terms—Atlas matching, brain MRI, incremental optical majlor Prop'em in building a'n atlas is the.hlgh degree of
flow, medical imaging, multigrid minimization, registration, ro- variability in the human brain. To take it into account, a
bust estimators. nonlinear registration process is necessary. It is possible

to perform automatic segmentations and to map, from one
brain to the other, symbolic information such as functional

activity. It has been shown [44] that we cannot assume
A. Context topological equivalence between two different brains, es-

URING the last decade, new means of observing the pecially for the cortical regions. Considering the same
human brairin vivo have evolved. Nowadays the users of sulcgs of d_iffere.ntsubjects, one may find large differences
medical images, must face not only the huge amount of data, ©f orientation, size, and even topology (one sulcus may be
but also the complementarity between different sets of images. interrupted or absent for instance).
For (.ex.a}mple, different magnetic resonance imaging (MR " Related Work
acquisitions are not redundant, and should not be neglected for
the patient’s care. Medical image registration has, thus, becom&/edical image registration is a very active field, with re-

a crucial issue. We distinguish several image registratié@nt reviews and classifications of registration procedures [36],
applications [2]. [37], [55]. Methods are usually classified using the following
« Registration of the same subject with the same modaliﬁ[iteria: th.e nature and the dimension [two-dimensional (2-D)
It is useful for physicians, either to follow the develop?" three-dimensional (3-D)] of the homologous structures to be
ment of a disease, or for interventions (dynamic acquié?l_a'FChedj the do_mal_n of transformation (Ioca_\l or g!obal), its type
tion during the operation or its validation). (rigid, affine, projective, or “free form”), the similarity measure,

- Registration of the same subject with different modalitie&nd the minimization scheme. We have selected a few common

I. INTRODUCTION

This problem arises with the development of different imM€thods.

ages, either anatomical [magnetic resonance (MR), X-ray]B&cause one major problem is the huge amount of data,

Some authors proposed methods to focus on features to be
extracted and matched. These structures may be points [9],
ManuSCfiptl’eceivedApl’il 27,2000; revised FebruaryS, 2001. This work w. 25], curves [47]' or surfaces [48]’ [52]. The extraction of
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direct deformation field and the inverse deformation field anghere
jointly estimated to guarantee the coherence of the deformations voxel of the volume;

Finally, some registration procedures are “voxel-based” (i.e.,#, indexes of the volumes (temporal indexes for a dy-
iconic) methods: Thirioret al. [45], [51] proposes the demon  and namic acquisition, indexes in a database for multisub-
method; Collins [18] estimates a locally affine transformation ¢, ject registration);
that maximizes the cross correlation of the image gradient.f luminance function:

Collins recently proposed [19] to introduce cortical constraints

) . . ) : the expected 3-D displacement field.
in the registration process by computing a chamfer d|stan%ﬁ DED b i h b f noi q
between selected sulci. Musse al. [42] propose a method, N may not be valid everywhere, because of noise an

which is much related to the method we introduce. based intensity inhomogeneities of MR acquisition. The robustness of
’ e registration process with respect to acquisition artifacts will

the minimization of the displaced frame difference (DFD). ™~ . ) ;
discussed later on, in the Sections 11-B and II-D.

However, this similarity measure is highly non linear and is n I i . £ thi o ferred:
robust to the acquisition artifacts of MRI. The hierarchical op- Generally, a linear expansion of this equation is preferred.

timization involves3-splines, leading to a smooth deformation’./ (5, 1) Ws+fi(s, ) = Oyvhﬁrer(sl, t) istgifspatial gt:adient
field that preserves the topology of the structures. That me hslumlnanlce aant(ﬁ’t) IS tI '€ voxe V\?se dl ereqced etween
that this field is only partially relevant, from an anatomicajne two volumes. The resu t_lng seto un etermine equatlc_)ns
point of view. has to be complemented with some prior on the deformation

field. Using an energy-based framework (which can be viewed
C. Method either from the Bayesian point of view, or from the one of the
' regularization theory), the registration problem may be formu-

The method proposed in this paper is an extension and a cja as the minimization of the following cost function:
plete validation of our previous work presented in [29], [30],

[39], [40]. The registration problem is expressed as a motion

estimation problem, which has been studied by many authors Uw; /) =Y _[Vf(s,t) - wa + fuls, 1))

[31-[71, [15], [31], [33], [43], [46]. Our 3-D method performs SES

a nonlinear multimodality registration of MRI scans from dif- +a Z l|w, — WTHQ 1)
ferent subjects. The similarity measure that we use incorporates (s, eC

robust estimators whose utility is twofold: on the one hand we

want to limit the influence of the acquisition noise, on the othavhere

hand we want to cope with possible modifications of structures’ S voxel lattice;

topology. C set of neighboring pairs with respect to a given neigh-
Many tasks in computer vision may be expressed as the min- borhood systen¥ on S ({s,7) € C & s € V(r));

imization of a cost function. Optimization is often difficult to , controls the balance between the two energy terms.

acrt1_|e\_/e, tpecgusel the cost fuTCt'on IS n%nconfvex f”mb? bec_?husel.w‘gﬁrst term captures the brightness constancy constraint, thus
optimization Involves a very 1arge number ot variables. er‘ra‘ﬁodeling the interaction between the field (unknown variables)

fore, efficient iterative multigrid (or r_"“'t."e"e')_appro"?“?h?s hav%rd the data (given variables), whereas the second term captures
been developed [28], [38] and applied in motion estimation [2 simple smoothness prior. The weaknesses of this formulation

and in earl_y vision [50]. . ._are known as follows.

To take into account large deformations, we use a multires- . L . .
olution optimization scheme. Besides, at each resolution Ievel,l) _Dueto th_e Imeanzatlo_n, the optical flow constraint (OFC)
we use multigrid minimization to accelerate the algorithm and is not valid fqr large d|splac§m_ents. _
improve the quality of the estimation. Within this hierarchical 2) The OFC might not be valid m_a_ll. ihe regions of thg
approach, we designed an adaptive partition of the volume to vqumg, be-ca.use of the acq“'s'“o"! noise, intensity
refine the estimation on the regions of interest and avoid useless nonu“mfor’rn_lty n MRI data, and occlusions.
efforts elsewhere. An anatomical segmentation of the cortex is3) The rgal f'e,ld |'s.not global'ly smooth and probably con-
introduced and used in two ways: at each resolution level, we tains d|scont|n_umes that_ might not be preserved because
initialize the partition as an octree subdivision based on the seg- of the quadratic smoathing.

mentation, and the segmentation mask is used in the subdivisiérheope with limitations 2) and 3), we replace the quadratic cost
criterion which controls refinement of the estimates. by robust functions. To overcome limitation 1), we use a mul-

tiresolution plan and a multigrid strategy to improve the mini-
mization at each resolution level.

) We introduce a simple regularization term that makes almost
A. General Formulation no assumption on the estimated deformation field. One could
The optical flow hypothesis, or brightness constancy coimagine choosing various regularizations for the different brain
straint, introduced by Horn and Schunck [31], assumes that figsues, but that involves specific assumptions on the “real”
luminance of a physical point does not vary much between tbeformation that we did not address previously. However, the
two volumes to register. It amounts to zeroing the so-called DROtroduction of a robust estimator on the regularization term
makes it possible to take into account possible discontinuities
f(s+ws,t1) — f(s,t2) =0 on the border of structures having different physical properties.

Il. DESCRIPTION OF THEREGISTRATION METHOD
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Fig. 1. Incremental estimation of the optical flow.
B. Robust Estimators smoothing and subsampling in each direction [11]. For each di-

Cost function (1) does not distinguish between relevant ddFtiont = =, v, z, d; is the spatial resolution of a voxel (the spa-
and inconsistent data, nor between neighboring pairs where #3resolution of MR scans is approximately 1 mm, depending
field is smooth and neighboring pairs where the field is discoR the system). We perform a Gaussian filtering using the re-
tinuous. Therefore, we introduce robust functions [32] and mof4rsive implementation proposed in [23] with a standard devi-
precisely two robusd/-estimators [8], the first one on the datz?lion 0f2 — D; in directionz, in order to satisfy Nyquist's cri-
term and the second one on the regularization term. We do £ffion- This implementation allows to perform infinite impulse
describe in details the properties of robiitestimators: refer r€SPonse filtering at a constant computation cost.

to [8] and [39] for further explanation. The cost function (1) can At the coarsest level, displacements are reduced, and cost
then be modified as function (3) can be used because the linearization hypothesis

becomes valid. For the next resolution levels, only an incre-

Ulw; f) = Z p1(Vf(s,t)-wy + fi(s, 1)) mentdw?* is estimated to refine the estimaté obtained from
sCS the previous level. We perform the registration from resolution
+a Z p2([|ws — w.||). (2) ke until resolutionk; (in generalk; = 0). This is done using

(s,r)eC cost function (2) but withv f*(s, ¢) 2 Vf¥(s + Wk t,) and

ik A ok 4 . ;
According to some properties of robusf-estimators [8], ft’f(S, t) = fH(s+Wh,t2) — f¥(s,t.) instead ofV f*(s, t) and
[12], it can be shown that the minimization 6f [see (1)] is FE(s,1). ) _
equivalent to the minimization of an augmented function, noted 10 compute the spatial and temporal gradients, we construct
x| the warped volume* (s + w*, ¢,) from volume f*(s, ;) and
v the deformation fieldv*, using trilinear interpolation. The spa-
hy R — . 2 tial gradient is, hence, calculated using the recursive implemen-
U w.851) Scz; 0:(VI(5:8) - wa + fi(5,8))" + 4 (8) tation of the derivatives of the Gaussian [23]. At each voxel, we
9 calculate the difference between the source volume and the re-
to Z Parl[Wa = well” +1p2(Ber) constructed volume, and the result is filtered with a Gaussian
(s,)ce to construct the temporal gradient. As previously, these quan-
(3) tities come from the linearization of the constancy assumption
,,)expressed for the whole displacemérit + dw”. The regular-

whereé, andj3,, are auxiliary variables (acting as “weights X o War 1 ‘
igation term becomex., . ¢ p2([[Wh +dwl — W —dwy|).

to be estimated. This cost function has the advantage to
guadratic with respect tev. It also shows clearly that, when
a discontinuity becomes larger, the contribution of the pair 8. Multigrid Minimization Scheme

neighbors is limited by the reduction of the associated weightl) Motivations: The direct minimization of (3) is un-

Bs». The minimizers of/ with respect to the auxiliary variablestractable. Some iterative procedure must be employed.

are obtained in closed form [8], [12]. The overall minimizationnfortunately, the propagation of information through local

of such function consists in an alternated weights computatimeraction is often very slow, leading to an extremely time-con-

and quadratic minimizations (with respect#q. suming algorithm. To overcome this difficulty (which is classic

in computer vision when minimizing a cost function involving

a large number of variables), multigrid approaches have often

been designed and used in computer vision [24], [39], [50].
In cases of large displacements, we use a classical inckéultigrid minimization consists in performing the estimation

mental multiresolution procedure [6], [24] (see Fig. 1). We conthrough a set of nested subspaces. As the algorithm proceeds,

struct a pyramid of volume$f*} with successive Gaussianthe dimension of these subspaces increases, thus leading to a

C. Multiresolution Incremental Computation of the Optical
Flow
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Multiresolution structure Multigrid minimization

>

-

(@ (b)

Fig. 2. Example of multiresolution/multigrid minimization. For each resolution level (a), a multigrid strategy (b) is performed. For legisibitysiehe figure
is a 2-D illustration of a 3-D algorithm with volumetric data.

more accurate estimation. In practice, the multigrid minimiz: Original data
tion usually consists of choosing a set of basis functions a
estimating the projection of the “real” solution on the spac
spanned by these basis functions.

2) Description: Ateach level of resolution, we use multigrid
minimization (see Fig. 2) based on successive partitions of t |
initial volume [39]. At each resolution levél, and at each grid
level?, corresponding to a partition of cubes, we estimate an i
cremental deformation fieldw** that refines the estimate*,
obtained from the previous resolution levels. This minimizatio
strategy, where the starting point is provided by the previol
result—which we expect to be a rough estimate of the desir Reconstructed volumes
solution—, improves the quality and the convergence rate co
pared with standard iterative solvers (such as Gauss—Seidel

At grid level £,2, = {E,,n = 1...N,} is the partition
of the volume B into N, cubesZ,,. At each grid level/
corresponds a deformation incremént, that is defined as
follows: A 12-dimensional parametric increment deformatio
field is estimated on each cul,, hence, the total increment
deformation fielddw*+* is piecewise affine. At the beginning

deformed with the symthetic field

of each grid level, we construct a reconstructed volume with tl - ©lebel affine reguatruton Non-linear robust mapatration
target volumef*(s, t,) and the field estimated previously (see

Section II-C). We compute the spatial and temporal gradients Difference volumes

the beginning of each grid level and the increment deformatic & .

field dw”- is initialized to zero. The final deformation field

is, hence, the sum of all the increments estimated at each ¢ |

level, thus expressing the hierarchical decomposition of tl | &

field. |

Contrary to block-matching algorithms, we model the inter | %

action between the cubes (see Section II-E) of the partition, |

that there is no “block-effects” in the estimation. At each resolt

tion levelk, we perform the registration from grid lev&l until (Flodwel affine rogistnation Multagrid robusi regisirtion

grid level?;. Depending on the application, it may be useless to o _

compute the estimation untl the finest grid lovel, fg,— 0. 18, %, Resule o e eqitaten process o amuated cat, The &0

We will evaluate this fact later on (see Section IlI-A). the reconstructed volumes are shown and must be compared with the initial
3) Adaptive Partition: To initialize the partition at the volume to evaluate the quality of the registration. On the bottom, the difference

coarsest grid level,, we consider a segmentation of the brai°!Umes Show the benefits of nonlinear registration.

obtained by morphological operators. After a threshold and

an erosion of the initial volume, a region growing process @peration produces a binary segmentation. At grid ledel

performed from a manually chosen starting point. A dilatatiothe partition is initialized by a single cube of the volume size.
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TABLE |
OBJECTIVE MEASURES OF THEQUALITY OF THE REGISTRATION ONSIMULATED DATA. SPECIFICITY, SENSITIVITY, AND TOTAL PERFORMANCEMEASURESARE
GIVEN FOR THREE LEVELS OFNOISE AND TWO REGISTRATION METHODS

noise 0% noise 3% noise 9%
inhomogeneity 0% inhomogeneity 20% inhomogeneity 40%
Target Grey  White Target Grey White Target Grey  White
volume matter matter volume matter matter volume matter matter
Computation time 10/ 10/ 10
MSE 964.63 2679.49 1751.41 1104.22 3305.50 2171.13 2005.14 6933.05 5031.49
Global sensitivity 93.78% 91.19% 93.26% 89.01% 83.21% 77.33%
Affine specificity 93.16% 93.72% 91.69% 92.48% 83.19% 85.42%
total performance 93.27% 93.41% 91.97% 92.06% 83.19% 85.42%
Computation time 55’ 61’ 76’
MSE 138.57 1383.46 886.53 233.23 1534.48 970.42 667.88 3186.49 1463.87
Robust sensitivity 97.83% 97.35% 97.09% 96.36% 95.50% 93.27%
Multigrid specificity 94.28% 94.35% 94.76% 94.90% 90.73% 93.67%
total performance 94.91% 94.71% 95.35% 95.03% 91.50% 93.80%

The registration processes are performed until resolution 0 (voxel size*).ifa manage to recover up to 93% of the deformation even in presence
of important noise (9%) and image intensity inhomogeneity (40%). The cpu times are given for an Ultra Sparc at 333 MHz.

We iteratively divide each cube as long as it intersects tidésplacement defined by the parametric ved®jy® : Vs =
segmentation mask and as long as its size is superigtto (x,y,2) € =,,dw, = P,O%¢ with
We finally obtain an octree partition which is anatomically

relevant. 1l =2z v = 0 0 0 00 0 0 O
When we change from grid level, each cube is adaptively di- £>=10 0 0 0 1 = y =z 0 0 0 0
vided. The subdivision criterion depends first on the segmen- 000000001 =%y 2

tation mask (we seek maximum precision on the cortex), butAit iqhborhood svsteri™¢ on th HitiorE, » deri t
also depends on the local distribution of the varighlsee (3)]. neighborhood syste on the partitiore, derives nat-

) o P urally fromV (see Section II-A).
More precisely, a cube is divided if it intersects the segmenta Vnom € {1...Nichm € VE(n) & s € Z,,3r €

tion mask or if the mean of, on the cube is below a given _ \r € V(s). C being the set of neighboring pairs off, we

ghrtesho:;j.trlln facttlés '?décjtis the t.CO”f? slpéontdenc_e}r:) etV\;een thrﬁast now distinguish between two types of such pairs: the pairs
ata and the estimated detormation Ti€ld at VOXEINErelore,  ;,qiqq gne cube and the pairs between two cubes

this criterion combines an indicator of the confidence about the

estimation with a relevant anatomical information. Vnef{l.. . Nu, (s,r)eCeseq,,

rez, and reV(s).
Ve {l...Ny¢}, VYme Vin),
We now introduce the deformation model that is used. We (s,7)y €Ct, o meVin),

chose to consider an affine 12-parameter model on each cube
of the partition, commonly used in computer vision but rarely

used in medical imaging. If a cube contains less than 12 voxelsFor conciseness, we drop the resolution indewith this no-

we only estimate a rigid six-parameter model, and for cubes thation, the cost function (3) becomes (4), as shown at the bottom

contain less than six voxels, we estimate a translational displaggthe next page.

ment field. As we have an adaptive partition, all the cubes of aConsidering the auxiliary variables of the robust estimators

given grid level might not have the same size. Therefore, v&g fixed, one can easily differentiate the cost function (4) with

may have different parametric models, adapted to the partitioespect to any?, and get a linear system to be solved. We use
At a given resolution levelt and grid level/,Z,, = a Gauss—Seidel method to solve it for its implementation sim-

{8n,n = 1...Ny.} is the partition of the volume into plicity. However, any iterative solver could be used (solvers such

Ny cubes=,. On each cubes,, we estimate an affine as conjugate gradient with an adapted preconditioning would

E. Parametric Model

s€E,,reg,, and reV(s).
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Fig. 4. Evolution of the mean square error (mse) with respect to the grid level (at finest resolution 1 mm) and computation time needed to perfsimatibie reg
until a given grid level. We observe that the mse decreases significantly at coarsest grid level, whereas at finest grid level it continues, toutéeseaapidly.

At the same time, the computation time increases continuously. If we look at the difference between grid level 2 (the smallest cubes ate @ siz@?2

and the incremental deformation field is affine on each cube) and grid level 0 (the smallest cubes are reduced to a voxel and the incremental figlfbrmatio
is translational for the smallest cubes), the computation time increases of 100%, whereas the mse variation is only 5.3%. That suggests tigadndiygendi
application, the user can make a compromise between the accuracy of the registration and the computation time if the resources are limited.

be for example more efficient). In turn, when the deformatio
field is “frozen,” the weights are obtained in a closed form [8]
[12]. The minimization may, therefore, be naturally handled ¢
an alternated minimization (estimation®f, and computation
of the auxiliary variables). Contrary to other methods (minme
problem like the demons’ algorithm for instance), that kind ¢
minimization strategy is guaranteed to converge [12], [22], [4:
(i.e.,toconvergetowardalocal minimumfromanyinitialization)
Moreover, the multigrid minimization makes the method in
variant to intensity inhomogeneities that are piecewise conste
As a matter of fact, if the intensity inhomogeneity is constai
on a cube, the restriction of the DFD on that cube is modifie Bl Target volume
by adding a constant. As a consequence, minimizing the cust
function (4) gives the same estimate, whenever the cost at ﬁﬂﬁ 5. Synthetic data to validate the link between robust estimator on the
optimum is zero or a constant (see Section IlI-Al for an illugegularization term and local changes of topology.
tration on that issue).

MNI (Brainweb: http://www.bic.mni.mcgill.ca/brainweb) [17].

. RESULTS Data have been collected with three levels of noise and inho-
. . mogeneity. We design a synthetic deformation field made up
A. Experiments on Simulated Data of a global affine field with large deformations combined with

1) Evaluation on the MNI PhantomTo evaluate the global local stochastic perturbations. We do not try to build a “realistic”
registration method, we use the simulated data provided by fiedd, but rather a field with the following properties: large de-

Ne
0 (0w, 1) =30 3 8 [ViT P04+ fuls.t)] 4 (#)

n=1s€z=,

e Y Y A

n=1 [meV*i(n) (s,r)cC;

(W, + P04 — (w, + POL)||” + 2 (5,)

nm

+aXS | S B (Wl + POL) — (et PO 462 (85) ] )

n=1 | (s,r)CCf
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Fig. 6. Results of the registration without robust estimator. The different volumes correspond to different values of the parameétarust be compared to
the source volume.

formations and local perturbations that modify the topology ¢
the structures, in order to validate the basic hypothesis of ¢
work. The “local” field is generated from 2000 voxels whick
are randomly picked in the volume. For each voxel, each

the three components of the deformation is the realization
a Gaussian random variable of standard deviation 120 mm.
then perform Gaussian smoothing with a small average de
ation in order to propagate this perturbation to a local neig
borhood while preserving discontinuities. The volumes and tl
results are shown in Fig. 3. We compare the multigrid methc
with a global affine registration method, in which a 12-paran
eter deformation is estimated for the entire volume. ey = 10K o = )

To asses the quality of the registration, we compute the mean

square error (mSE)\NhiCh is an indicator of the quality of the Fig. 7. Results of the registration with a robust estimator on the regularization
term. The reconstructed volumes must be compared to the source volume. We

registration. However, it would be unfair to evaluate the regigan handle with local topology changes, while preserving the global smoothness
tration only with a measure that is the underlying driving forcef the solution.

of the estimation. Therefore, as we have the binary classification

of the phantom, we can also assess the quality of the regisfigsgeneity), which are far tougher than in any realistic acquisi-
tion based on the overlap of two volumes: the first volume ign.

the initial classification, i.e., a gold standard (grey matter/white The numerical evaluation also allows to study the sensitivity

matter), the second volume is the deformed classification, regthe algorithm with respect to the parameters of the algorithm,

istered with the estimated deformation field. We then measyrg. parameters of the robust estimators. We have two parame-

overlapping ratios such as the sensitivity, the specificity, and tigs to fix, o, ando. o, corresponds to the hyperparameter of

total performance [54]. Results are presented on Table I. Despigyst functiorp, , associated with the similarity term, whitg

the use of binary classes, the resulting measures that we obi&jfresponds to the hyperparameter of robust fungtioasso-

are very satisfactory. Particularly, the robustness of the methgdted with the regularization term. We made the parameters

is demonstrated in critical conditions (9% noise and 40% inhgn( -, vary in a cube of sizél.0c*, 1.0¢°] x [1, 20] with step
Imse= (1/N) S'=N(I, (i) — L(i))?, wherel, andI, are the volumes to respecti\_/ely o_ﬂ.Oe4 and_ 1 (which means that we performed the

compare, andV is the number of voxels. registration with 200 different sets of parameters), and we ob-
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Source volume [

Reconstructed volume f3(s + w,)

Target volume [

Fig. 8. Final 3-D results of the registration on real data. The volumes are T1-MRI acquisitions of two different subjects. The reconstructec-eohpuiedby
trilinear interpolation with the target volume and the final dense displacement field. In order to evaluate the quality of the registration therefust, compare
the source volume and the reconstructed volume.

serve that the final result (the mse between the source voluniicantly at coarsest grid level, whereas at finest grid level it
and the reconstructed volume) varies less than 5% of the natontinues to decrease, but less rapidly. At the same time, the
inal mse. This indicates that the sensitivity of algorithm witkomputation time increases continuously. If we look at the dif-
respect to these two parameters is very low. ference between grid leve? and grid leved 0, the computation

For simulated data, mse is a direct measure of the qualitytohe increases of 100%, whereas the mse variation is only 5.3%.
the registration. Therefore, we can evaluate also the influenceldfat suggests that, depending on the application, the user com-
£+ (see Section 11-D3) on the computation time and on the agromise between the accuracy of the registration and the com-
curacy of the registrqtion. Fig. 4_shows the e_volution of the msezThe smallest cubes are of siz&x222x 22 and the increment deformation
with respect to the gr_ld Ieyel (at finest resolution 1 mm) a_nd alﬁgld is affine on each cube.
shows the computation time needed to perform the registratioBrye smallest cubes are reduced to a voxel and the increment deformation
until a given grid level. We observe that the mse decreases Sigp is translational for the smallest cubes.
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Initial difference

Final difference

Adaptive partition at grid level 3

Fig. 9. Final 3-D results of the registration on real data. Top: Difference before registration. Middle: Difference after registration. Bofptine paldition at

grid level 3. The difference volumes must be interpreted carefully, since we havethe superposition of two errors: the first one is the registratimn @omes
from the anatomical variability that we could not apprehend. The second error is due to the difference of acquisition of the two volumes, which twakes th
original histograms of the two volumes different.

putation time if its resources are limited. In our case, we fintbmposed of two homogenous classes, each one being defined
that/; = 1 (the smallest cubes are of size<22 x 2 and the by a unique grey level. With these two volumes, we obviously
allowed deformation is rigid on the smallest cube) is generalfsice the aperture problem, which is classic in the optical flow

a good compromise. literature.

2) Importance of Robust EstimatoiVe have introduced ro-  We first register the two volumes without any robust esti-
bust estimators in the registration process, to allow local discanator. Results are presented in Fig. 6. The reconstructed vol-
tinuities of the deformation field to occur. To verify the direcumes are computed with the target volume and the estimated
link between the introduction of a robust function and the possleformation field with trilinear interpolation. One must, there-
bility of local change in the topology of the structures on simdere, compare the reconstructed volume and the source volume
lated data, we constructed two volumes (see Fig. 5) to be rediz-assess the quality of the registration. The different volumes
tered, with a local modification of the topology. The volumes arghown in Fig. 6 correspond to different values of the param-
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Fig. 10. Final 3-D results of the registration on real data. Top: data outlier map. Middle: spatial outlier map. Looking at the spatial outlierdeserveéhat
dark regions are located in the cortex. Dark areas shows that the importance of the regularization term is reduced, and discontinuities canfapptat Th
discontinuities appear in the cortex is significant because we know that inter-subject variability is very high on the cortex.

etera. This parameter balances the importance of the similaritipn. To assess the quality of the registration, one must compare
term and the regularization term. When this parameter is highe source volume with the reconstructed volume.
the solution is smooth but the topology is not modified. When We also present the volumes of difference, before and after
« decreases, the solution is not smooth, the aperture problemeigistration on Fig. 9. On the same figure, the adaptive partition
obvious, whereas the topology is not correctly modified. at grid level 3 is also presented (we do not present further grid
We then perform the robust multigrid registration proceskvels for readability reasons). The difference volumes must be
with a robust function only on the regularization term. Resultaterpreted carefully, since we ghave the superposition of two er-
are presented in Fig. 7, with two “extreme” values of the paranmors: the first one is the registration error which comes from the
etera. In that case, the modification of the topology is possibl@anatomical variability that we could not apprehend. The second
while preserving the global smoothness of the solution. Howfror is due to the difference of acquisition of the two volumes,
ever, the aperture problem is still present on the tubular strwehich makes the histograms of the source and target volumes
ture on the right. This experiment makes it possible to verifjifferent.
the link between the introduction of a robust estimator on the In Fig. 10, the outliers are drawn, i.e., the data outliers map
regularization term and the possibility to handle local change @fariables,) and the spatial outlier map (for each pointwe
topology. In addition, the robust registration process appearsctumpute the mean of variabfg,. with respect tor € V(s)).
be also more robust with respect to the parametdbecause Looking atthe data outliers map, the dark points represent areas
the results of the registration are very similar, whewaries in where the optical flow hypothesis is inadequate, because of oc-
a range 0f100, 3000]. clusions for instance (see the jaw in Fig. 10). For these points,
the regularization term overwhelms the similarity term. Looking
at the spatial outlier term, we observe that dark regions are lo-
cated in the cortex. At that locations, the importance of the reg-
Results of the 3-D method are presented in Figs. 8, 9, anldrization term is reduced, and discontinuities can appear. The
10. Two 3-D MRI-T1 volumes of two different subjects ardact that discontinuities appear in the cortex is significant be-
registered. The source volume, the target volume and the cause we know that inter-subject variability is very high on the
constructed volume are presented oin Fig. 8. The reconstructedtex.
volume f2(s + W) is computed with the target volumfe and The 3-D deformation field is presented in Fig. 11. The vector
the final displacement field by the way of a trilinear interpola- field is subsampled in order to be easier to look at, and we also

B. Experiment on 2 Subjects
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4 components of the field on the sagittal view

Fig. 11. Top: deformation field. Bottom: Images of the three components of the field on the sagittal view. The 3-D deformation field is subsardeletbin or
be easier to look at. Although discontinuities are visible, the general spatial coherence of the final deformation field is visible, due tortheti@gulde field
also confirms that there is no “block-effect” in the registration process.

show the three components of the field on the sagittal view. Adfter a robust multigrid registration (bottom). After global
though discontinuities are visible, the general spatial cohereraféine registration and averaging, we notice that the internal
of the final deformation field is visible, due to the regularizaanatomical structures are blurred, because the registration is not
tion. The field also confirms that there is no “block-effect” inprecise enough. However, after a robust multigrid registration,
the registration process. we may distinguish precisely the contours of anatomical
The computation takes about one-and-one-half hours orstauctures, such as ventricles, deep nuclei, white matter tracks,
Sun Ultra Sparc 30 (300-MHz) workstation. The volumes amnd even cortical regions (sylvian fissure and parietal region
256 x 256 x 200. We use three levels of resolution £ 0, for instance).
1, 2) because the displacement amplitude may reach 30 voxelsThe comparison between the quadratic registration and the
and at each resolution level we perform the registration frorobust registration shows the benefit of robust functions, be-
grid level 4 until grid level 0. cause cortical regions are better registered. The mse between the
reference volume and the averaged volume is 892 for quadratic
registration, and drops to 584 for robust registration. We must
note that, considering two subjects, the mse is not a good ab-
To validate the registration method on a larger database, s@ute measure of the quality of the registration because of the
acquired MRI-T1 volumetric data of 18 patients. One subjeatquisition (a simple translation between the two histogram can
was chosen as the reference subject. We then perform the tegé to large mse). However, the mse is a good relative measure
istration between the reference volume (source) and each of theompare two registration processes over a large database.
other subjects (targefilwaysusing the same set of parameters This experiments clearly show the significant impact of ro-
for the algorithm. Finally, we obtained 17 reconstructed vobust estimators. All the more, it validates the assumption that
umes that can be compared to the reference volume. We #\s necessary to let discontinuities appear in the deformation
eraged all the reconstructed volume in order to have a glolfi@ld to register brains correctly. These experiments also demon-
overview of the quality of the method. strate the robustness of the method (robustness with respect to
1) AverageDeformed Volume:Figs. 12 and 13 present thethe acquisitions and also with respect to the algorithm parame-
averaging between 17 patients after a global affine registratitars) over a realistic database of subjects.
(top), after a quadratic multigrid registration, i.e., the method 2) Overlapping of Brain TissuesThe evaluation must not
without robust estimators (middle), and the average volurbe based only on a measure that is more or less related to the

C. Experiments on a Dataset of 18 Subjects
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registration

Averaging after a robust multigrid registration registration

Fig. 12. Results of experiments on a database of 18 subjects. One subject was chosen as the reference subject (see Fig. 13), and we averagdietethe recon
volumes after global affine registration (top), after quadratic multigrid registration (middle) and after robust multigrid registratior) (Mégté&ept the same set

of parameters for all the subjects. This demonstrate the robustness of the method, and the importance of robust estimators (the quadmatis legsaeturate

on the cortex).

image similarity. Therefore, as in Section IlI-Al, we evaluatistration. We measure the overlap with the total performance,
in this section the registration process by computing the overlahich has already been presented in Section I11-Al.

between the tissues (grey matter and white matter) of the referThe extraction of grey matter and white matter is performed
ence volumes and the tissues of each studied volume after neging a technique presented in [34]. It consists in a 3-D texture
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Reference sul |j1 wt

Fig. 13. Results of experiments on a database of 18 subjects. One subject was chosen as the reference subject (bottom), and we averagedwdtéde reconstr
volumes after robust multigrid registration (top). We kept the same set of parameters for all the subjects, which demonstrates the robustetisscfftesoits

of the averaging after registration show the accuracy of the registration (after averaging we can distinguish precisely anatomical struatwestsictés, deep

nuclei, white matter tracks and even cortical regions).

analysis to compute statistical attributes of each voxels. A clus-piecewise parametric description of the deformation field.
tering procedure is used to find the initial discrimination of th&he performance of this method was evaluated objectively on
data, and a bayesian relaxation refines the primary decision.simulated data and results are presented on different real data,
For grey matter tissue, the average overlap after registratisémonstrating the significant impact of the method. We show
is 93.9% (mean of total performance). For white matter, the aat the method is robust with respect to the parameters, as
erage overlap is 94.9%. If we perform arigid registration by maxyell as with respect to the differences of acquisition of MRI
imization of mutual information, we obtain 88.3% and 87.1% afcans. We also show the benefits of robust estimators on a large
average overlap, for grey matter and white matter respectivedgtabase of subjects.
These measures must be interpreted carefully for two reasonsye yse an efficient minimization framework, both multires-
We use binary classes (and not fuzzy classes) and a simpledfittion and multigrid with robust estimators. This optimization
linear interpolation scheme, which may introduce some errgheme is not limited to the estimation of the optical flow, but
Furthermore, the classification algorithm introduces errors trmtay as well be adapted to other similarity measures, leading to

disturb the overlap measure. In the last 5% to recover, itis diffigerent registration applications. The adaptive partition of the
culttodistinguish whatis due to the registration process and W%‘iume accelerates the algorithm and improves the estimation
is due to interpolation and segmentation errors. However, thffﬁeihe regions of interest

overlap measures show the benefit of non rigid registration. In the future, we intend to investigate the integration of cor-

tical features [35] in the registration process. Some interesting

work [20], [19], [53] has already been done in that direction,
We have presented in this paper a new registration methaad we think that the energy based framework that we have

based on a dense robust 3-D estimation of the optical flow wiglesented, coupled with the adaptive multigrid minimization, is

IV. CONCLUSION
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naturally adapted to cooperation between luminance based regs]
istration and local approaches.
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