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tA 
ommon framework for 3D image registration 
onsists in minimizing a 
ost (or energy) fun
tionthat expresses the pixel or voxel similarity of the images to be aligned. Standard 
ost fun
tions, basedon voxel similarity measures, are highly non-linear, non-
onvex, exhibit many lo
al minima and thusyield hard optimization problems. Lo
al, deterministi
 optimization algorithms are known to be verysensitive to lo
al minima. Global optimization methods (like simulated annealing or evolutionayalgorithms), yield better, often 
lose to the optimal solutions, but are time 
onsuming.In this paper we 
onsider the parallelization of a general purpose global optimization algorithmbased on random sampling and evolutionary prin
iples: the di�erential evolution algorithm. Theinherent parallelism of evolutionary algorithms is used to devise a data-parallel implementation ofdi�erential evolution. The performan
es of the parallel version is assessed on a 3D medi
al imageregistration problem. Although the proposed parallelization s
heme indu
es an algorithm semanti
allydi�erent from the sequential one, the 
omparison of the results at 
onvergen
e shows that bothalgorithms end in a solution of similar quality. Beside yielding a

urate registrations, the paralleldi�erential evolution exhibits fast 
onvergen
e and a speedup almost growing linear with respe
t tothe number of pro
essors.Keywords. Di�erential Evolution, Data-Parallel Programming Model, 3D Medi
al Image Registration1 Introdu
tionMany tasks in 
omputer vision and image analysis have been expressed as global optimization problems.The general issue is to �nd the global minimum of an obje
tive (also 
alled 
ost or energy) fun
tion whi
hdes
ribes the intera
tion between the di�erent variables modeling the image features in a given problem[8℄. In parti
ular, a 
ommon framework for image registration 
onsists in minimizing a 
ost fun
tion thatexpresses the pixel or voxel similarity of the images to be aligned [14℄. The purpose of image registration(also 
alled image mat
hing) is to geometri
ally align one image (the �oating or sour
e image) to another(the referen
e or target image) so that voxels (or pixels) representing the same physi
al stru
ture maybe superimposed. Image registration is an important preliminary step in many 
omputer vision tasksinvolving for instan
e, the re
onstru
tion of 3D information from 2D views [4℄, the measurement of motionor deformation �elds in temporal image sequen
es [12, 13℄ or the fusion of multimodal images [22℄. 3Dmedi
al imaging with its wide variety of sensors is probably one of the �rst appli
ation �eld, as areremote sensing, military imaging or multisensor robot vision. Appli
ations of medi
al image registrationrange from 
omputer-assisted surgery to the analysis of fun
tional images used for example to follow theevolution of diseases or to assess the e�
ien
y of a treatment.Standard 
ost fun
tions, based on voxel similarity measures [14, 23℄, are highly non-linear, non-
onvex and exhibit many lo
al minima. Like NP-
omplete problems, they yield 
hallenging optimizationproblems, with large and irregular sear
h spa
es, and thus require 
omputationally demanding global1Supported by the Pluri-Formations Program �Analyse et Synthèse Multi-Images�,Ministry of National Edu
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optimization algorithms to 
ompute 
lose to optimal solutions [14℄. Less 
pu intensive deterministi
algorithms may be used instead, but they are sensitive to lo
al minima and require a good initial guess.Global optimization algorithms in
lude random sampling algorithms, su
h as simulated annealing [10℄,global heuristi
 sear
h approa
hes su
h as tabu sear
h [6, 7℄ and evolutionary approa
hes [1℄ su
h asgeneti
 algorithms [9, 3℄ or di�erential evolution [19℄.In this paper we 
onsider di�erential evolution as an appealing 
andidate for general purpose globaloptimization [19, 18℄. We show that this algorithm is parti
ularly suited for the registration of medi
alimages using similarity measures. To register images in a reasonable amount of time we propose a par-allelization of the algorithm. Classi
al parallelizations of evolutionary algorithms 
onsists in distributingthe population of 
andidate solutions maintained by the algorithms, making it evolve in parallel. Inour approa
h we have one potential solution per pro
essor, thereby we de�ne a fully syn
hronous data-parallel algorithm. The parallel algorithm has been applied su

essfully to register 3D MR images of thebrain, exhibiting a nearly linear speedup. Moreover the semanti
al di�eren
e between the parallel andthe sequential algorithms has no e�e
t on the quality of the registrationThe paper is organized as follows. In the next se
tion, we present the similarity-based registrationalgorithm 
onsidered in our appli
ation. In se
tion 3 we give a brief review on evolutionary algorithms,followed by a detailed des
ription of di�erential evolution. A general presentation of how parallelizingan evolutionary algorithm and the proposed parallelization, in a data-parallel programming model [15℄,are des
ribed in the se
tion 4. The �fth se
tion is devoted to the experimental assessment of the perfor-man
es of the proposed parallel algorithm. A validation on a signi�
ant number of 3D image registrationproblems, with known ground truth, shows the e�
ien
y and robustness of the data-parallel approa
h.2 Medi
al images registration using similarity measuresA 
omplete review of standard registration te
hniques has been proposed by Brown [2℄. A 
lassi�
ation, inthe framework of medi
al image analysis may be found in [21℄. Similarity measure-based approa
hes relyon the minimization of 
ost fun
tions that express the pixel or voxel similarity of the images to be aligned.They have been proposed for both single and multimodal image registration. Standard similarity metri
sare related to least squares estimation or to the maximization of the 
orrelation fun
tion. Other similaritymeasures, based on �rst or se
ond order image statisti
s su
h as mean, varian
e, entropy measures ortexture moments have also been des
ribed.Pixel (or voxel) similarity metri
-based registration 
onsists in estimating the parameters � of therigid transformation T� minimizing a 
ost fun
tionC (Iref (:); Ireg(T�(:))), that expresses the similarity between the single or multimodal image pair:�min = argmin� [C (I(:); J(T�(:)))℄ ; (1)where (for 3D images): � = (tx; ty; tz; �x; �y; �z)T (2)is a ve
tor 
ontaining the 3D translation parameters (tx; ty; tz) with respe
t to the X;Y and Z axis andthe Euler rotation angles (�x; �y; �z). I(:) represents the referen
e image and J(:) the �oating image (tobe registered).A 
lassi
al similarity measure, widely used for the registration of single modal images is the quadrati
similarity measure [2℄. This similarity metri
 assumes that the two registered images di�er only by anadditive Gaussian noise, leading to the following 
ost fun
tion:C (I(:); J(T�(:))) = Xs [I(s)� J(T�(s))℄2 : (3)where s designates the pixel (or voxel) 
oordinates.The quadrati
 
ost fun
tion (3) is highly non-linear and has multiple lo
al minima [2℄. In most imageregistration methods based on the minimization of a 
ost fun
tion, deterministi
 optimization algorithmsare applied. They are known to be very sensitive to lo
al minima, unless they are initialized 
lose to theoptimal solution. In [14℄, Nikou et al. introdu
e a hierar
hi
al simulated annealing algorithm in order to2



obtain 
lose to optimal solutions. To redu
e the time 
omplexity, the sto
hasti
 optimization is appliedon a multigrid sequen
e of images of in
reasing resolution.To obtain an additional gain in time 
omplexity, 
ompatible with a use of 3D registration in 
lini
alroutine, we 
onsider in this work the parallelization of the global optimization step. Simulated annealingalgorithms [14℄ are ill-suited for e�
ient parallel implementations and we thus 
onsider a general purposeevolutionary algorithm (di�erential evolution) whi
h is intrinsi
ally parallel [19℄. Contrary to simulatedannealing, the algorithm shows low sensitivity to the 
hoi
e of tuning parameters and the speedup of theparallel version grows linearly with respe
t to the number of pro
essors.3 Optimization by di�erential evolution3.1 A short overview on evolutionary algorithmsEarly in the sixties, several resear
hers simultaneously suggested to simulate the pro
ess of naturalevolution. This early work led to the development of a new 
lass of robust and e�
ient sear
h algorithms,known as evolutionary algorithms. The most popular ones are 
ertainly the geneti
 algorithms, whi
hwere developed by Holland [9℄ and De Jong [3℄. One generally distinguishes two other 
lasses amongevolutionary algorithms: evolutionary programming [5℄ and evolution strategies [16, 17℄. A survey ofthese three mainstreams of evolutionary algorithms 
an be found in Bä
k's book [1℄. More re
ently, Stornand Pri
e [19℄ used 
on
epts from geneti
 algorithms and evolution strategies to introdu
e di�erentialevolution.The 1996 ICEC 
ontest on the minimization of multivariable real fun
tions [19℄ has shown the ex
ellentperforman
es (in terms of robustness and e�
ien
y) of di�erential evolution. The di�erential evolutionalgorithm ranked 3rd in the ICEC 
ontest and was distinguished as the best evolutionary algorithms.Evolutionary algorithms are based on the paradigm of a population of individuals evolving by meansof sto
hasti
 operators, in order to favor emerging individuals of better �tness. Ea
h individual in thepopulation represents a potential solution to the optimization problem. The �tness value of an individualgives a qualitative information re�e
ting his behavior in the environment (related to the fun
tion to beoptimized) and is obtained by transformation of the obje
tive fun
tion value. The �rst population isusually initialized at random or may use some spe
i�
 knowledge on the problem to be solved. Naturalevolution is simulated by three sto
hasti
 operators, applied to the population: 
rossover, mutation andsele
tion. Crossover (or re
ombination) performs ex
hange of information a
ross several individuals andmutation introdu
es new information by disrupting them. These two operators ensure the exploration ofthe sear
h spa
e, whereas sele
tion guides the sear
h by favoring the reprodu
tion of the best adaptedindividuals.Let P (t) represent the parent population in generation t, 
ontaining � individuals aj , j 2 f1; :::; �g,and let � denote the �tness fun
tion. Following the des
ription given above, an evolutionary algorithmmay be outlined as following:t = 0 /* Generation 
ounter */Initialization(P (t)) /* P (t) = fa1(t); :::; a�(t)g */Evaluate(P (t)) /* f�(a1(t)); :::;�(a�(t))g */While termination 
riterion not met dot = t+ 1P 0(t) = Crossover(P (t� 1))Mutate(P 0(t))Evaluate(P 0(t))P (t) = Sele
t(P 0(t) [Q(t)) ; Q(t) 2 f;; P (t� 1)gEnd whileDepending on the 
lass of evolutionary algorithms, sele
tion operates on the o�spring populationP 0(t) or takes into a

ount the parent population too. A maximum number of generated populations istypi
ally used as a termination 
riterion.
3



3.2 Di�erential evolutionThe key idea in di�erential evolution is to use the di�eren
e between two randomly 
hosen individuals inthe population for disrupting a third one. Di�erential evolution uses a real-valued representation, workingdire
tly on the parameter ve
tor to be optimized. Therefore for the medi
al image registration problemdes
ribed in se
tion 2, we take a = �, and the �tness fun
tion is simply de�ned as the 
ost fun
tion C,resulting in �(a) = C(I(:); J(T�(:))). Storn and al. [19℄ distinguish two operators in the reprodu
tionstep: �rst an operator generating a new population by disrupting P (t), followed by a two point 
rossoverof ea
h parent with its disrupted form. In the following we merge these two operators in a single one.Let us assume that the population 
ontains � individuals, ea
h individual 
ontaining n 
omponentsaj = (aj;1; aj;2; :::; aj;n); j 2 f1; :::; �g. Denoting a0j the o�spring resulting from reprodu
tion of aj , we
an give the formal des
ription of the reprodu
tion operator (�1; �2 2 f1; :::; ng are the two 
rossoverpositions): �1 = (� mod n) + 1 ; �2 = ((�+ L� 1) mod n) + 1 (4)where � and L are two integers uniformly drawn in set f1; :::; ng, for ea
h individual. � de�nes the �rstposition of the 
rossover, whereas L is the number of parameters to be ex
hanged. Integer L is 
hosenso that P (L � �) = (p
)��1, where � > 0 and p
 2 [0; 1℄ is the 
rossover probability given by the user.The new individual a0j = �a0j;i�i2f1;:::;ng is then formed a

ording to the rule presented below:a0j;i = 8>><>>: aj;i + � � (amin;i � aj;i) + F � (aS;i � aT;i)if (�1 � i � �2) _ (�2 < �1 ^ (1 � i � �2 _ �1 � i � n))aj;i otherwise (5)with amin denoting the 
urrent minimum; S; T 2 f1; :::; �g satisfying (S 6= T ) 6= j and F; � 2 [0:1; 1℄are fa
tors 
ontrolling the ampli�
ation of the di�erential ve
tors. Usually to redu
e the number ofparameters � is set equal to F .The new population is then obtained using a deterministi
 sele
tion 
orresponding to a binary tour-nament between ea
h parent and its respe
tive o�spring. More formally the sele
tion operator 
an bedes
ribe for a minimization task by:Sele
t(P 0 [ P ) = fs(aj ; a0j); j 2 f1; :::; �gg (6)where s(aj ; a0j) = (1� ps(a0j)) � aj + ps(a0j) � a0j and ps(a0j) = 1R+ (�(aj)��(a0j)).This kind of sele
tion is 
alled �-elitist. Resulting from several experiments with test fun
tions andreal problems, rules have been proposed [18℄ to guide the 
hoi
e of the di�erent parameters (�; F; � andp
) or for initializing the �rst population.4 ParallelizationParallelizing an algorithm 
an be motivated by several reasons, the main ones are: redu
ing the 
ompu-tation time by dividing equally the 
omputation 
ost over the whole pro
essors; be able to solve largerproblems than possible in sequential; last but not least, designing new optimization strategies based onsequential methods.4.1 How parallelizing an evolutionary algorithmEvolutionary algorithms are intrinsi
ally parallel, sin
e as in nature, individuals evolve simultaneously.An evolutionary algorithm 
an be parallelized on three levels [20, 11℄: the �tness evaluation level, thepopulation level, and the individual level. The �rst level will not be dis
ussed as it is a problem dependentparallelization, whereas the two other levels are general parallelization.Population-based parallelization 
onsists in dividing the population in as mu
h subpopulations aspro
essors, ea
h pro
essor running the evolutionary algorithm on his own subpopulation. This kind of4



parallelization is said 
oarse grained. The subpopulations are usually 
alled �island� (or demes). They 
anbe 
onne
ted following a de�ned neighborhood so that migration of some individuals from a subpopulationto another is possible, repla
ing the worst individuals in the target subpopulation: usually it is theindividual having the best �tness whi
h migrates. The intera
ting s
heme is usually 
alled �
onne
tedisland model�. The ba
kground idea for allowing migration of individuals is to insure diversity over thesubpopulations. In the s
heme without intera
tions, the only 
ommuni
ation takes pla
e at the end inorder to sele
t the best individual among all subpopulations. Unfortunately, the la
k of 
ommuni
ations
an result in a subpopulation exploring a bad region of the sear
h spa
e, ignoring more promising regionsexplored by other pro
essors.Introdu
ing the parallelization on the individual level 
onsists in distributing the population so thatea
h individual is assigned to one virtual pro
essor, resulting in a data-parallel implementation with a�ner granularity. In this s
heme, the topology of the pro
essors network is very important, sin
e it indu
esthe degree of isolation a
ross the population and in this way the diversity of the whole population. Thedi�usion of individuals is done by the sele
tion and reprodu
tion operators as they are done lo
ally on ea
hpro
essor, 
onsidering a neighborhood stru
ture. Consequently the neighborhood is the major 
omponentin this parallel algorithm: the four or eight nearest neighbors of an individual form the most typi
alneighborhoods used. Lo
al intera
tions between neighbor pro
essors prevent premature 
onvergen
e,sin
e the di�usion of the individuals a
ross the population is very slow, redu
ing the probability of seeingermerge a superindividual.Parallelization has been mainly studied on geneti
 algorithms, as they are the most popular evolu-tionary algorithms and the ones having the widest range of appli
ation. Our 
ontribution is to proposea parallelization for di�erential evolution, a new evolutionary algorithm.4.2 Parallelizing di�erential evolution: a data-parallel implementationIn this work, we propose an individual based parallelization for the di�erential evolution algorithm. Infa
t a study of the sequential algorithm showed that a population with a small size was enough to givegood results. Therefore a 
oarse grained parallelization is irrelevant: the subpopulations would have beentoo small.Consider a grid of virtual pro
essors, having a size 4� 4. We distribute the population P (t) on thisgrid in order to have one individual per virtual pro
essor. Thus parallelizing di�erential evolution 
onsistsin parallelizing the di�erent steps of the algorithm, namely: initialization, evaluation, reprodu
tion andsele
tion.Clearly initialization and evaluation 
an be done in parallel without any problems. Furthermore, ea
hindividual a0j ; j 2 f1; :::; �g (� = 4� 4), resulting from reprodu
tion will be lo
ated on the same virtualpro
essor as aj . Consequently, as the sele
tion operator 
onsists in a 
omparison of this two individualsfor ea
h value of j, no 
ommuni
ations are needed and the parallelization is dire
t. Finally, we have toparallelize the reprodu
tion operator. Equation (5) shows that to form a new individual a0j , apart fromaj three other individuals from the population are requested:� the individual of minimum 
ost in the 
urrent population P (t), denoted amin;� two individuals aS and aT , randomly 
hosen in the population, mutually di�erent and also di�erentfrom aj ((S 6= T ) 6= j).As shown by �gure 1(a), broad
asting amin a
ross the grid seems to result in irregular 
ommuni
ations.But broad
ast should be optimized by the 
ompiler, sin
e it's a basi
 operation in data-parallelism. Todraw in parallel the two individuals aS and aT , we de�ne around ea
h virtual pro
essor a neighborhood
orresponding to the eight-nearest neighbors of the 
onsidered pro
essor. aS and aT are then randomly
hosen in this neighborhood and 
ommuni
ated to the pro
essor where the 
orresponding aj is lo
ated,as presented in �gure 1(b). The 
hoi
e of these two individuals is the same for all the pro
essors, yieldinga regular 
ommuni
ation pattern. Obviously introdu
ing a neighborhood to 
hoose aS and aT gives aparallel algorithm semanti
ally di�erent from the sequential one.The main question 
an be stated in the following word: �Has the semanti
al modi�
ation introdu
edin the parallel algorithm any e�e
t on its results?�. The next se
tion will answer to it, showing 
learlythe relevan
e of our approa
h. 5



a

min
a

a’j
j

(a)
aS

aT

a
a’j
j

(b)
Figure 1: Communi
ations indu
ed by the reprodu
tion operator on a grid of 4 � 4 virtual pro
essors.(a) Broad
ast of amin and (b) transmission of aS and aT (the neighborhood is in grey).5 Computational results5.1 Experimentation frameworkWe 
ombine our data-parallel approa
h with a multigrid optimization of the similarity measure. Theparallel algorithm is applied on a sequen
e of multiresolution 3D grids, from 
oarse to �ne resolution, untilthe full 3D image resolution is rea
hed. In pra
ti
e, the 
ost fun
tion (3) is 
al
ulated by su

essively
onsidering a voxel out of 81, 27, 9, 3 and �nally every voxel in the MRI images. The same numberof populations is generated on the four �rst resolutions and only one population on the �nal resolution.Multigrid mat
hing is usually motivated by the signi�
ant 
omputational gain obtained in the registration.As noti
ed by several authors [8℄, multigrid algorithms are also far less sensitive to lo
al minima in the
ost fun
tion than single resolution optimization s
hemes. It has indeed been 
onje
tured that multigridanalysis may, to a 
ertain extent, smooth the �lands
ape� of the obje
tive fun
tion to minimize. Thisyields fast 
onvergen
e towards good solutions [8℄.Parallel di�erential evolution has been implemented on the Origin2000 from Louis Pasteur Univer-sity (32 pro
essors, 8 giga-byte memory), using the data-parallel language High Performan
e Fortran(HPF). The Origin2000 is a virtually shared memory 
omputer, but physi
ally, it's a distributed memory
omputer. Moreover the nodes are 
onne
ted with an hyper
ube topology network.(a) (b)Figure 2: MRI/MRI registration. (a) Referen
e image and (b) one of the 20 target images (multiplanar- sagittal, 
oronal, transversal - view).To evaluate the parallel algorithm on a representative set of 3D MRI/MRI registration problems,we have applied twenty randomly generated rigid transformations on a referen
e MRI provided by theInstitut de Physique Biologique (Strasbourg University Hospital). Statisti
s on the registration errorswere 
omputed on this set of 20 di�erent registrations problems, involving translation parameters between�20 and +20 voxels and rotations between �20 and +20 degrees. Let us noti
e that large rotations aregenerally di�
ult to handle, leading to obje
tive fun
tion lands
apes with many lo
al minima. Figure 2presents a typi
al example of referen
e image and the 
orresponding transformed volume MRI.6



5.2 Performan
es of the approa
hSuitable tuning parameters for di�erential evolution were found in some preliminary experiments (F =� = 0:525; p
 = 0:8), and as termination 
riterion we use a maximum number of generated populationsthat we set to tmax = 57.5.2.1 Quality of the registrationsFigure 3 presents the average evolution of the minimum 
ost, for the twenty registration problems,during the optimization pro
ess. The solid 
urve 
orresponds to the parallel algorithm exe
uted on eightphysi
al pro
essors, the dashed line depi
ts the sequential version. Clearly, the sequential and the parallelalgorithms have the same average behavior, resulting in a �nal parameter ve
tor with similar 
ost, andthe semanti
al modi�
ation introdu
ed by our approa
h is without any e�e
t.To assess the a

ura
y of the registration obtained by the parallel version, we 
ompare the estimatedregistration parameters to the true parameters. It 
an be seen from statisti
s on the registration errors,gained for the set of twenty images (Table (1)), that our algorithm a
hieves subvoxel a

ura
y. Thisa

ura
y is 
omparable to the results obtained by the fast simulated annealing algorithm, whi
h has beenvalidated on real-world 
ases in [14℄.
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Figure 3: Curves giving the average evolution of the minimum 
ost.Table 1: The average and the standard deviation of the registration errors.Single Modal Registration (3D) MRI/MRIParameters �tx�ty�tz 9=; voxels 0:20� 0:150:15� 0:100:16� 0:09 ��x��y��z 9=; degrees 0:03� 0:020:02� 0:020:03� 0:03The good results of our data-parallel implementation 
an be explained by the 
hoi
e made for theneighborhood during the reprodu
tion, sin
e it is this operator that di�erentiates the parallel version fromthe sequential one. For the sequential version a population of nine individuals is su�
ient to permit the
onvergen
e to a �nal parameter ve
tor giving an a

urate registration. As we 
hoose the eight nearestneighbors to form the neighborhood, we see pre
isely that during the reprodu
tion on a virtual pro
essora subpopulation of nine individuals is 
onsidered.
7



5.2.2 Performan
esThe parallel algorithm has been exe
uted on 2, 4, 8 and 16 physi
al pro
essors. As referen
e on onepro
essor we take the sequential exe
ution time. The left 
urve from �gure 4 shows the de
rease of theexe
ution time when passing from the sequential version to the parallel versions. We see that di�eren-tial evolution takes approximately 19 minutes in sequential, and the parallel exe
ution times de
reaseregularly, taking on 16 pro
essors less than 1 minutes 30 se
onds. The 
orresponding speedup 
urve4(b) re�e
ts a slowly de
rease when in
reasing the pro
essor number: for 2 pro
essors the speedup islinear, then the 
urve moves away more and more from ideal linear speedup. Nevertheless, the lost inperforman
es is reasonable, sin
e the speedup on 16 pro
essors is about 13.5.
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Figure 4: (a) Average run times and (b) 
orresponding speedup values.The little loss in performan
es observed when in
reasing the pro
essor number �nds its origin in thein
reasing number of irregular 
ommuni
ations between physi
al pro
essors, needed to broad
ast the
urrent minimum amin, even if this operation is optimized by the 
ompiler. This problem 
ould be
ome
umbersome for appli
ations requiring a larger population than the one 
onsidered here and that 
ouldbe exe
uted on more pro
essors. We think that there is 
ertainly an upper bound on the population size,beyond whi
h an island based parallelization should be prefered, and 
onversely.Another potential problem is the fa
t that the 
rossover length L is randomly 
hosen by ea
h virtualpro
essor. Therefore the 
rossover has not the same 
ost a
ross the pro
essor grid, so when the individual's
ontain a great deal of parameters, a load balan
ing problem may appear. However, for the single modalregistration appli
ation 
onsidered in this paper, we were not fa
ed with this problem.6 Con
lusions and further developmentsWe have outlined a data-parallel implementation for di�erential evolution that produ
es subvoxel reg-istrations with a quasi-linear speedup following the pro
essor number. The experiments show 
learlythat the semanti
 modi�
ation indu
ed by our parallelization s
heme has no e�e
t on the algorithm be-havior when 
ompared with the sequential version. Furthermore, di�erential evolution is a very �exibleoptimization algorithm, sin
e it is only based on the 
ost asso
iated to a parameter ve
tor, so that we
an easily adapt it to another 
ost fun
tion. This point is very interesting in image registration, namelyfor the multimodal 
ase whi
h involves a more 
omplex 
ost fun
tion, that does not have a 
al
ulablederivative.After this �rst evaluation on single modal image registration, we plan to apply our method on mul-timodal image registration. A further 
hallenging work is the study of the parallel di�erential evolutionability to perform 3D deformable mat
hing [13℄, 
hara
terized by a dramati
 in
rease of the number ofparameters to be optimized. These works are 
urrently under development. As far as the parallelizationis 
on
erned, a 
omparison between the languages HPF and OpenMP is also in progress.8
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