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Chapter 1

Intr oduction

This thesisdealswith theregistrationof medicalimages,andparticularlyimages
coming from different subjects. Intersubjectregistrationis a fundamentalprob-
lem in medicalimageanalysis.It facilitatesanatomicalcomparisonsandstudies,
andprovidesa generalmethodto segmentalmostany medicalimageby usingan
anatomicalatlas.If we have an“atlas” imageandits segmentation,thenany sub-
ject imageof thesamepartof thebodycanbesegmentedby registeringit with the
atlasandthenpropagatingtheatlassegmentationin thesubjectgeometry.

Atlasto subjectregistrationis adif�cult problem.Althoughweregisterimagesthat
representthesameanatomicalstructures(mostlythebrainthroughoutthis thesis),
theanatomyof differentindividualsis generallydifferent. Theproblemis further
complicatedif one of the imagescomesfrom a patientwith a pathology. This
caseis commonlyencounteredin atlasto subjectregistration,whentheatlasimage
representsahealthyanatomy, andthesubjectis aclinical patient.In neuroscience,
this is alsosometimesthecase,evenif thesubjectis supposedto behealthy.

Throughoutthis thesis,we follow amultidisciplinaryapproachto registration,and
addressthe issueregardingboth the quality of the result, and the integration of
theregistrationsoftwareinto thereal clinical world. We thereforealsotacklethe
problemsof computationtime,andtake the�rst stepstowardstheintegrationwith
clinical visualizationsystems.

1.1 Context

Thetwo clinical applicationsthatareaddressedin this thesisinvolve thesegmen-
tationof variousstructuresin thehumanbrain. Both applicationsareinvolved in
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pre-operative planning,andthegeneralmethodsaresimilar. However, theirpracti-
calrequirementsmayslightlydiffer, particularlyregardingthesizeandlocalization
of thestructuresto segment.

1.1.1 Conformal brain radiotherapy

Thetreatmentof cerebraltumormayinvolve surgery, radiotherapy, or chemother-
apy. Theradiotherapy usingoneor moreirradiatingbeamsmustsatisfytwo goals:
thedestructionof thetumorandthepreservationof healthystructures.Specialcare
mustbetaken in orderto preserve “high-risk” anatomicalstructuresthatarevital
for thepatient's life or living comfort: eyes,opticaltracts,brainstem,etc.

Optimizingthepositionandtheshapeof thebeamrequiresanaccuratelocalization
of differentstructures(tumorsandhighrisk structures).Differenttechniquesusing
photonbeamsallow to achieve bothgoals:

� Many beamsmaybeused.

� Theintensityof thebeamsmaybemodulatedduringirradiation.This tech-
niqueis called“IntensityModulatedConformalRadiotherapy”.

� Theshapesandpositionsof thebeamsmaybemodi�ed, dependingon the
lesionsto irradiateand the healthystructuresto avoid. This techniqueis
called“3D ConformalRadiotherapy”.

Whenlocalizingthesestructures,therequiredlevel of accuracy is dependentonthe
structure:we arelooking for anaccuracy of about1mmfor small structuressuch
theoptical tracts,andwe cantoleratea lower accuracy (of about2mm)for larger
structures,like thebrainstem.

The quality of the treatmentis evaluatedby quantifyingthe amountof radiation
deliveredto thelesionandto highrisk organs.In orderto achieveasatisfyinglevel
of safety, anextremeaccuracy is requiredat eachstepof thetreatmentchain:data
acquisition,segmentationof structures,de�nition of thebeams,andcontrolof the
patient's positionduringirradiation.Therisk in caseof failureis high: partsof the
tumortissuemaysurvive thetherapy with lethalconsequences,andtheirradiation
of healthystructuresmay inducelossof sensesand/ormovementability, or even
death. Sincethe clinical act must be very accurate,it requiresa large amount
of time. Varioussoftware tools may help the clinician at different stepsof the
procedure:
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Figure1.1: A sliceof the3D anatomicalatlasfrom theCentreAntoineLacassagne
(Bondiauetal. (2004)).TheT1-MR image(a)hasbeenmanuallylabeled(b).

1. Theacquiredimagesaretransferedto the“treatmentplanningsystem”,and
they are rigidly registered. This registrationstepis multimodal,sincethe
imagesaregenerallyacquiredusingdifferentmodalities.

2. Thestructuresof interestaresegmented.

3. Thepositionsof thebeamsarecomputed,usinginformationprovidedby the
�rst two steps.

4. Thetumoris irradiated.

Traditionally, the segmentationof brain structuresis manualand eachstructure
hasto bedelineatedin eachsliceof a 3-D image(e.g. MRI). Thetreatmentteam
spendsa signi�cant amountof time to delimit thestructuresof interest(eyes,op-
tical tracts,etc.) with theprecisionrequestedfor theconformalradiotherapy. An
automaticsegmentationalgorithmof all the critical structuresin a patientimage
is thenan invaluabletool for radiotherapy, andits main requirementis a precise
delineationof the structuresof interest. We are investigatingthis applicationin
closecollaborationwith the Centre AntoineLacassagne hospital(33 Avenuede
Valombrose,06189Nice cedex 2, France).

In orderto extract thestructuresof interestin a speci�c patient's image,Bondiau
et al. (2004) built a numericalreferenceatlasof all thesestructures. The seg-
mentationapproachconsistsin usingmatchingtechniquesto warp this atlasonto
onepatient's image.Theatlas(Fig. 3.2b)wasmanuallylabeledfrom anarti�cial
MR image(obtainedfrom theBrainweb1, seeFig. 3.2a). The �rst stepis a rigid
matchingbetweenthe atlasimageandthe patientMRI' s (usuallyT1, T2 andT1
injected).Therecoveredtransformationis re�ned usingnon-rigidregistration,and
thenappliedto thelabelsof theatlasin orderto obtainasegmentationof thepatient
image.

The nonlinearregistrationstepis challenging:First, due to its multi-subjectna-
ture,this registrationproblemis generallydif�cult. Thetopologyof thebrain,the

1http://www.bic.mni.mcgill.ca/brainweb/
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shapeof theventricles,thenumberandshapeof thesulci vary stronglyfrom one
individual to another. Theideal transformationis smoothin someplaces,andhas
�ne detailsin others.Thus,not only do we have to dealwith theambiguityof the
structuresto match,but we alsohave to take into accountthe large variability of
thedeformationsbetweenthe two brains.Second,an issuethatarisesin our case
is thepresenceof pathologiesin thepatientimage,suchastumorsor surgical re-
sections.Thesestructureshave no equivalent in the atlas. They usuallyleadthe
non-rigidregistrationto importanterrors,especiallyaroundthepathologywhichis
theareaof interestfor radiotherapy. Finally, a softwarerunninginsidetheclinical
environmenthasto ful�ll somerequirementslinkedto thepracticalorganizationof
hospitalwork. Oneof theseis thecomputationtime, which shouldbe low when
comparedto thedurationof thepre-operative planningitself. In orderto simplify
theproblem,theatlasimagewaschosento beof thesamemodalityasthepatient
images,whichallowsusto performa(simplerandfaster)monomodalregistration.

1.1.2 Stereotacticneurosurgery for DeepBrain Stimulation in Parkin-
sonianpatients

DeepBrain Stimulation,thesecondclinical applicationwe considerin this thesis,
is a procedurethatgreatlyreducesdisablingsymptomsin patientsof Parkinson's
disease:walking problems,tremor, rigidity, slow movement. It usesa battery-
powereddevicecalledneurostimulator, whichelectricallystimulatesspeci�c areas
in thebrain thatareresponsiblefor theabove-mentionedsymptoms,like thesub-
thalamicnuclei. In essence,thisdeviceworkssimilarly to apacemaker controlling
thebeatof theheart.Theneurostimulatorhasthreeparts:theelectrode,theexten-
sion,andtheneurostimulatoritself. Theneurostimulatordevice is aboutthesize
of a watch(Fig. 1.2) andis normally implantednearthe clavicle. The electrode
(a thin wire) is insertedinto theskull andimplantedin thetarget insidethebrain.
Theextensionis a wire passedundertheskin connectingtheelectrodeto theneu-
rostimulator. Oncein place,the neurostimulatorsendselectricalsignalsthrough
theextensionwire andto theelectrodewithin thebrain.

The introductionof the electrodeinside the brain is performedthroughsurgery.
At the La Pitié Salpêtrièrehospitalin Paris,a metallic non-magneticstereotactic
frameguidestheelectrodes'insertion(Fig. 1.3).This frame,�x edon thepatient's
headandvisible from differentmodalities(T1-weightedandT2-weightedMR im-
ages,andCT-scans),is usedasageometricalreferential.Thetargetis �rst located
on pre-operative images,and then the pathof the electrodesis plannedthrough
the parenchymain order to avoid high risk structures. At the beginning of the
procedure,thesurgeonperformstwo holesin theskull in orderto accessthe two
hemispheres.Theareasurroundingthesubthalamicnuclei is exploredsystemati-
cally with theelectrode,in orderto preciselydeterminethetargetlocation.

4



Figure1.2: TheMedtronicR
 Kinetraneurostimulator(bottom-left)andits Access
Therapy Controller(top-right),allowing its controlby a physician.Theimplanted
stimulatoris aboutthesizeof awatch.Imagecourtesyof Medtronic,Inc.

Figure1.3: Stereotacticimplantationof electrodesin the subthalamicnuclei for
the Parkinson's diseaseat the La Pitié Salpêtrièrehospital(Paris, France). The
stereotacticframes�x edontheskull is usedasareferentialandasaguidingsystem
for theelectrodes.Theimageis courtesyof Medtronic,Inc.
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Oneof themostdif�cult partsof theinterventionis theaccuratedeterminationof
the target. Like in the previous application,the patientimageis registeredwith
an anatomicalatlas,andsegmentedstructuresin the atlasaredeformedtowards
the patient's geometry. The positionsof the patient's subthalamicnuclei arees-
timatedby transformingtheir positionsfrom the atlas. The requirementsfor the
registrationalgorithmaresimilar to theonesimposedby theconformalbrain ra-
diotherapy planning. The registrationis multi-subject,which, onceagain,means
that the degreeof smoothnessof the transformationsis highly variable. Further-
more,sincethestructureswe arelooking for aresmall,a high degreeof regularity
is requiredfor their contours.The pre-operative planningbeingdonein a single
day, theregistrationshouldonly take aminimalamountof time.

A requirementof this applicationis thatthealgorithmworksnot only for thesub-
thalamicnuclei,but alsofor theothercentralgrey nuclei. This mayallow to gen-
eralize the usageof the algorithm for other nearbyanatomicalstructures. The
accuracy wearelooking for is of about2mm.

1.1.3 Discussionon the clinical requirements

The two clinical applicationspresentedin this sectionhave commoncharacteris-
tics. First, they requirethe segmentationof structuresin the humanbrain. Sec-
ond, thechosenapproachis for both theregistrationof thepatientimagewith an
anatomicalatlas. This registrationis multisubject,so the algorithmwill have to
dealwith theambiguityof matchingtwo brains.

However, eachapplicationhasa speci�c challenge. On one hand,patientsthat
mustundergo conformalbrain radiotherapy have eithertumorsor surgical resec-
tions insidethebrain. Thesepathologicalstructureshave no correspondentin the
atlas,andthereis a dangerto match“pathologicalvoxels” insidethemwith some
“normal voxel” in the atlas(belongingto a normaltissue).This would make the
registrationlocally fail. Ontheotherhand,thesegmentationof thecentralgrey nu-
clei mustbeveryaccurate,andrespectfulof theanatomy:thecontourprovidedby
thealgorithmshouldhave thestrict shapeof thecorrespondinganatomicalstruc-
ture. Sincenoiseor partial volumeeffect tendto in�uence the registration,it is
dif�cult to ensureboth a high accuracy, anda goodregularity of the segmented
structures.

Regardingthe practicaluse,both applicationshave a time constraint. Sincethe
algorithmis to berun insidetheclinical environment,its computationtimeshould
alwaysbekeptlow with respectto thedurationof theclinical actitself. Webelieve
that5 minutesis a reasonabletime limit.
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1.2 Manuscript organization

Chapter2 presentsthe two clinical applicationsthat led to theresearchpresented
in this thesis,and the way multisubjectnonlinearregistrationrepresentsa solu-
tion to them. A brief review of currentlyexisting nonlinearregistrationmethods
shows thata certainclassof algorithms(called“pair-and-smooth”)is appropriate
for solvingour problems.However, currentlyexisting algorithmsof this classdo
notcompletelysuit ourpurpose.

In this framework, Chapter3 introducesa registrationalgorithmwhich addresses
the issueslisted in the previous chapter:robustnesswith respectto imagenoise,
andtheability to incorporateapriori knowledgeabouttheanatomyandpathology.
A fastimplementationbasedonanimplicit numericalschemeis alsopresented,as
well asillustrationson two clinical applications.

In Chapter4, we re�ne themodelingof anatomicala priori informationwith the
introductionof anisotropy. This evolution enablesa regularizationdependentnot
only onthelocalization,but alsoonthedirection.Thisideais appliedto thepreser-
vationof thesurfacecoherenceof anatomicalstructures.

Chapter5 addressesthecomputationtime issue.In orderto reduceexecutiontime
andenableabetterintegrationinsidetheclinical environment,wepresentaparallel
implementationof the algorithm on a clusterof networked personalcomputers,
andalsodescribenovel parallelizationmethodsfor somecommonlyusedimage
processingalgorithms.

The effort to integrate the algorithm into a clinical imageprocessingsystemis
continuedin Chapter6. In orderto enabletheuseof agraphicaluserinterfaceand
thustheembeddingof theregistrationsoftwareintoaclinical interactiveprocessing
pipeline,theregistrationsoftwarehasbeenimplementedasagrid service,callable
by agraphicalclient.

Finally, Chapter7 providesasummaryanddiscussionof ourcontributions,aswell
ashopefullyinsightful ideasto furtherextendthiswork.
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Chapter 2

Nonlinear registration: the
pair-and-smoothapproach

This chapterbrie�y overviews existing registrationtechniquesin view of our clin-
ical context (Section1.1). It revealsthata speci�c classof registrationalgorithms
called“pair-and-smooth”exhibits someinterestingfeaturesfor our clinical appli-
cations.However, someopenissueshave to besolved.

2.1 A brief overview of nonlinear registration

The world of medicalimageregistrationcontainsmany differentmethodswhich
may potentiallyful�ll our requirements.This sectionreviews several algorithms
that we found to be the mostrepresentative for the techniquesthey use,without
aiming at beingexhaustive. For completeinformation,we refer the readerto a
survey of registrationalgorithms(e.g. Maintz andViergever (1998);Hajnalet al.
(2001); Pluim et al. (2003); Modersitzki (2004)). We classify them along two
axes: the imagefeaturesthey considerfor matching,and the dimensionalityof
their transformationspace.

2.1.1 Featurespace

Basedon their featurespace,two classesof registrationalgorithmshave emerged.
Somealgorithms,that we call “geometric”, attemptto extract somehigher-level
geometric(often anatomical)structuresin the image,andthenthey matchthese
structures.Others,called“iconic”, usetheintensitiesof all imagevoxels in order
to estimatea transformation.

9



Geometric registration

The dimensionalityof the geometricstructuresusedas featuresvaries. Points,
curves or surfaceshave beensegmentedandmatched,and different methodsto
extrapolatethis correspondenceto theentireimagehave emerged.

Thirion (1996a)usesdifferentialoperatorsin orderto computecrestlines of the
brain. Basedon a randomlychosenstarting“seed” insidethe brain, he usesthe
MarchingLinesalgorithmin orderto follow theline to theneighboringlocations.
Ontheresultinglines,heestimatespointswherethecurvatureof theline is locally
extremal.Thealgorithmthenestimatestherigid transformationthatbestsuperim-
posestheextractedpointsin thetwo images.

Chui et al. (1999)userobust point matchingtechniquesto registercorticalstruc-
turesin brainimages.Rohretal. (2001)use3D extensionsof 2D corneroperations
(Rohr (1997))in a semi-automaticmethodsthatestimateslandmarksinsidebrain
images,typically on theskull or on thesurfaceof theventricles.In their method,
the userselectsa region of interest,andcorneroperatorsareappliedinsideit in
orderto estimatelandmarks.After theusercon�rmation, thesepointsarematched,
andthecorrespondencesareinjectedinto aninterpolatingthin-platesplinesmodel
(Bookstein(1989);Evansetal. (1991)).

Collins et al. (1996),followed by Collins et al. (1998),addthe informationpro-
vided by the brain sulcal lines to an iconic registrationalgorithm (seeSection
2.1.1).Thesulci segmentationmethod,calledSEAL (SulcalExtractionandAuto-
maticLabeling)usesanactivemodelsimilar to asnake,which is submittedto aset
of forcesderivedfrom thelocal imagecharacteristics(Le Goualheret al. (1997)).
Theextractedsulci arematchedusinga chamferdistancefunctionasa similarity
criterion (SandorandLeahy(1995)). Vaillant andDavatzikos (1999) integrated
sulcalinformationinto a registrationalgorithmbasedonsurfacematching.

Sulcallineswerealsointegratedinto iconic registrationalgorithmsby Hellier and
Barillot (2001)(seealsoHellier andBarillot (2003))andCachieret al. (2001). In
thelastapproach,sulciaresegmentedin four steps:non-uniformbias�eld correc-
tion,segmentationof grey matter/CSF, homotopicskeletonizationandsplittinginto
simplesurfaces.An algorithmbasedon a neuralnetwork trainedon a manually-
labeledset(Riviereetal. (2000))is thenusedin orderto labelthesulci. Thesulcal
lines are insertedas an additionalterm into a registrationalgorithmbasedon a
variationalapproach(seetheiconic registrationsectionbelow).

Ferrantet al. (2000)�rst segmenttheexternalsurfaceof thebrainandthesurface
of the ventricles. An active surfacealgorithmdeformsthe segmentedbordersin
one imageinto the samebordersfrom the other image. The surfaceis modeled
asanelasticmembrane,deformedby image-drivenforces.Theresultingdisplace-
menton thebordersis theninserted,basedon a �nite elementmethoddeveloped
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by Cohenand Cohen(1991), into a linearly elastic�nite elementmodel which
computesadisplacementfor eachnodeof avolumetricmeshthatcoverstheentire
brain.Surfacematchinghasalsobeenusedby ThompsonandToga(1996)to drive
theregistrationof brainimages.

Liu et al. (2004) perform multi-subjectregistrationby matchingthe grey mat-
ter/whitemattersurfacesof thetwo brainsandcouplingthis informationto a vol-
umetricmapping(ShenandDavatzikos (2002)). Ganseret al. (2004)proposean
electronicTalairachandTournouxatlas(TalairachandTournoux(1988,1993)).
The authorsinteractively segmented49 anatomicalstructures(ventricles,thala-
mus,putamen,etc.) insidetheatlasMR image.Fourclassesof structuresarealso
segmentedin thepatientimage:cortex, ventricles,tumorsandsulci. After anini-
tial registrationstepusingtheTalairachreferential,theauthorsusethreeseparate
matchingalgorithmsfor differenttypesof structures(cortex, ventricles,tumors)in
orderto re�ne thedeformationin a radialbasisfunctionsframework.

All the methodsdescribedin this sectionhave two aspectsin common:1) They
dependon an initial segmentationof “relevant” structuresin the images.2) They
requirethecorrectmatchingof thesestructuresto performtheglobalregistrationof
theimages.Thesemethodshave theadvantageof beingpotentiallyableto achieve
a very goodaccuracy on the structures.However, for our two applications,they
presentthreedrawbacks:

1. Segmentationis by itself a dif�cult problem.Few automaticmethodsexist,
and, like in the caseof many otherclassesof algorithms(including regis-
tration), mostof themarenot 100%reliable. Whereasa minor, localized
segmentationerrorwouldgounnoticed,problemsin theinitial segmentation
may becomeacuteif the segmentationis usedin orderto matchthe entire
image.In this case,theshapesof supposedlycorrespondingstructuresmay
differ in an anatomicallyincoherentmanner, with unpredictableresultson
thequalityof the�nal registration.

2. Thematchedfeaturesdonotcover theentireimage.Theaccuracy of thecor-
respondence�eld they provide tendsto bevalid only in theirneighborhoods,
andresultsgenerallydegradein regionsthat arefar away from them. Fur-
thermore,the relative positionof differentstructuresinsidethe brain tends
to vary in anonlinearway from onesubjectto another(e.g.achieving aper-
fect registrationof the ventriclesandthe cortex doesnot guaranteea good
registrationof theputamen).

3. In bothapplications,thestructureswewantto segmentsometimesexhibit a
low contrast,andthereforecannotbeusedasfeatures.Contrastedstructures
aregenerallyfaraway, sotheircorrespondenceprovidesinaccurateinforma-
tion (asexplainedat item2).
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Let usthereforeexamineasecondclassof methodsthatestimatecorrespondences
in two images,whichhave theadvantageof usingtheentireinformationavailable.

Iconic registration

Thesemethodsrely ontheoptimizationof asimilarity criterion betweentheinten-
sitiesof thetwo images.Theregistrationis performedby optimizingthiscriterion
with respectto thetransformation.Sofar, many similarity criteriahave beenpro-
posed.Thissectionreviewssomeof themostwidely used.Let us�rst de�ne some
notationsthatwill beusedin thissectionandthroughoutthemanuscript:

� I andJ arethe two imagesto register. Sincewe usuallywork in 3D, the
imagesarede�ned asfunctionsR3 � ! R. Remarkthatimagesarediscrete
andhave a �nite spatialsupport. By consideringtheir discretenature,and
Nx , Ny andNz thenumberof voxelsalongthex, y andz axes,thenanimage
is a functionde�ned on
 = [1:::Nx ] � [1:::Ny ] � [1:::Nz ] with valuesin R.

� p 2 R3 is a3D point. For agivenimageI , I (p) is theintensityof theimage
at this point. If p 2 Z3 (we call it a voxel), its intensitycan be directly
recoveredfrom the3D arraythatrepresentstheimage.Otherwise,its value
hasto be interpolatedfrom the valuesof its neighbors.For a goodreview
of existing interpolationmethods,thereadershouldconsultLehmannet al.
(1999)or Thévenazetal. (2000).

� T is atransformation(mapping)thatlinks somepointp in I to its correspon-
dentq in J . For simplicity, T : R3 � ! R3. U is thecorrespondingdis-
placement�eld (U : R3 � ! R3), de�ned asU(p) = T(p) � p. Applying a
transformationT to animageJ yieldsanimageJ 0whereJ 0(p) = J (T(p)) .
In thiscase,wesaythatJ 0 = J � T. Weextendthisnotationto thedisplace-
ment�eld: J 0 = J � U if andonly if J 0(p) = J (p + U(p)) for all points
p.

� Onecan“compose”two displacement�elds by composingtheir associated
transformations.Let U1 andU2 be two displacement�elds andT1 andT2

their associatedtransformations.If T1(p) = p + U1(p) andT2(p) = p +
U2(p)), then(T1 � T2)(p) = T1(T2(p)) . Therefore,(U1 � U2)(p) = U1(p +
U2(p)) + U2(p).

Sum of squared distances(SSD) This simplesimilarity criterionmakestheas-
sumptionthattwo correspondingvoxelshave(almost)thesameintensity. Forsome
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point p 2 
 I , T(p) is foundby minimizing the function (I (p) � J (T(p))) 2. By
integratingover theentireimage,thecriterionto minimizeis

SSD(I ; J; T) = kI � J � Tk2 =
Z

p2 

(I (p) � J (T(p))) 2 dp

A widely usedmethodto minimizetheSSDis theoptical �o w (Horn andSchunk
(1981)),whichcomputesthedisplacementU asaniterative minimization

U  U +
I � J � U

kr I k2 r I

This criterion is relevant only if the two imageswhereacquiredusing the same
modality. Evenso,its validity maybedoubtful,especiallyif oneimageis affected
by a bias.Differencesin thetuningof theacquisitionequipmentusedfor thetwo
imagesalsopartially invalidatethis criterion. Thus,othersimilarity criteria may
benecessary.

Correlation coef�cient (CC) The correlationcoef�cient hasbeenwidely used
asa robustsimilarity criterion(KerivenandFaugeras(1998);Netschet al. (2001);
Ourselinet al. (2000)). It is relatively constrained,andit measuresa globalaf�ne
dependency betweentheintensitiesof thetwo images:

CC(I ; J; T) = kI � a J � T � bk2 = min a;b

Z

p
(I (p) � a J (T(p)) � b)2 dp

In orderto avoiding a minimum of thecriterionwhentheoverlapof the two im-
agesis small,Rocheet al. (2000)proposedits renormalizationto CC(I ; J; T) =
kI � a J � T � bk2 =Var [I ], whereV ar [I ] is thevarianceof the intensityof the
imageI . Let usalsodenoteby E[I ] themeanintensityof theimageI . Theestima-
tion of theaf�ne parametersa andb leadsto thefollowing criterionto maximize:

CC(I ; J; T) =
E[I ] E [J � T ] � E [I J � T ]

p
(E [I 2] � E [I ]2) (E [(J � T)2] � E [J � T ]2)

A localvariantof thiscriterionhasbeenintroducedby CachierandPennec(2000).
By de�ning the local averageof an imagearounda point p asEp[I ] = Gp � I ,
whereGp is aGaussiancenteredon p, andby integratedoverp, weget

LC C(I ; J; T) =
Z

p

Gp � [(I � Gp � I ) (J � T � Gp � (J � T)) ]
p

[Gp � (I � Gp � I )] [Gp � (J � T � Gp � (J � T)) ]

The local criterion allows for the af�ne dependency measuredby the correlation
coef�cient to changedependingon thepositionin space.
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Correlation ratio (CR) The correlationratio was introducedby Rocheet al.
(1998)asa similarity measurefor multimodalregistrationandextendedto thede-
formablecaseby Guimondet al. (2001a). It generalizesthe af�ne dependency
encounteredin thecorrelationcoef�cient to anarbitraryfunctionalrelationship

CR(I ; J; T) = min f
kI � f (J � T)k2

Var [I ]

Here,f is a functionthatmapstheintensitiesof theimagesI andJ .

The Woodscriterion (W) WhenregisteringMR andPETimages,Woodset al.
(1993)assumedthattherangeof valuesin thePETimagecorrespondingto a par-
ticular valuein theMR imageshouldbeminimized. If 
 j is thesubregion of the
overlappingimagespace
 whereimageintensitiesin imageJ � T arej , and� j and
� j are,respectively, theaverageintensityandthestandarddeviation in imageI of
thesubregion 
 j , thenWoodscriterionis

W (I ; J; T) =
1

k
 k

X


 j

k
 j k
� j

� j

In theequationabove,k
 k denotesthenumberof voxelsinsidetheregion 
 .

Joint entropy (JE) In thediscretecase,for thetwo imageto matchateachopti-
mizationstep(I andJ � T), thespatiallycorrelatedpresenceof, respectively, the
x valuein imageI , andthey valuein the imageJ � T providesa quantityof in-
formationequalto � log2 p(I = x; J � T = y) (wherep(I = x; J � T = y)
is the probability). The averagequantity of information is called the joint en-
tropy of the two imagesH(I ; J ) = �

P
y

P
x p(I = x; J � T = y) log2 p(I =

x; J � T = y). In its continuousversion,the joint entropy hasthe expression
H(I ; J ) = �

R
x;y 2 R f I ;J � T (x; y) ln f I ;J � T (x; y) dx dy (wheref I ;J � T is the joint

distribution of the intensitiesof the imagesI andJ � T). This criterionwasused
for multimodalregistration(Collignonetal. (1995);Studholmeetal. (1995)):

J E(I ; J; T) = H(I ; J � T)

TheShannonentropy is de�ned (similarly to the joint entropy) for a discreteran-
dom variableasH(I ) = �

P
x p(I = x) log2 p(I = x). Its continuousversion

(calleddifferential entropy) hastheexpressionH(I ) = �
R

x2 R f I (x) ln f I (x) dx
(wheref I is thedistribution of theintensityof theimageI ).

Mutual information (MI) Mutual informationis alsousedasa similarity crite-
rion for multimodalregistration(Collignonet al. (1995);Viola (1995);Viola and
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Wells (1997)).Thecriterionto maximizemeasuresthedistancebetweenthejoint
distribution of the two image(f I ;J � T (x; y)) andtheir joint distribution in caseof
independence(f I (x) f J � T (x)):

M I (I ; J; T) = �
Z

x;y 2 R
f I ;J � T (x; y) log2

f I ;J � T (x; y)
f I (x) f J � T (x)

= H(I ) + H(J � T) � H (I ; J � T)

Thiscriterionis in widespreaduse(e.g.Hermosilloetal. (2002);D'Agostinoetal.
(2003)),sinceit doesnotrequireany assumptiononthetypeof correlationbetween
theintensitiesof thetwo images.

Normalized mutual information (NMI) This criterion is a normalizedversion
of thepreviousone(Studholmeet al. (1999)):

N M I (I ; J; T) =
H(I ) + H(J � T)

H (I ; J � T)

Oneadvantageof thisnormalizedsimilarity measureis thatit avoidsthepossibility
of the mutual information increasingwhen the overlap region betweenthe two
images(I andJ � T) decreases.This measurewasusedfor variousregistration
applications(e.g.Rueckertetal. (1999);Dentonetal. (2000);Rohl�ng andMaurer
(2001)).

Entr opy correlation coef�cient (ECC) Anotherway to normalizethe mutual
informationwasproposedby Maesetal. (1997);Collignon(1998):

ECC(I ; J; T) =
2(H(I ) + H(J � T) � H (I ; J � T))

H (I ) + H(J � T)

Thismeasureis relatedto theNMI (ECC = 2 � 2=N M I ).

Discussion In atlasto subjectregistration,theatlasimageis chosento beof the
samemodalityasthepatientimages(seeSection1.1).Thissimpli�es thesimilarity
criterion,andgenerallyallows us to usethe SSD.In practice,this “monomodal”
registrationproblemis moredif�cult: theparametersof theacquisitiondevicemay
change,leadingto differentlevelsof intensitiesfor thesameanatomicalstructurein
differentimages;andtheimagesmaybeaffectedby bias.In suchsituations,more
powerful criteria,suchastheglobalor local correlationcoef�cient arenecessary.
For simplicity, we illustratethe algorithmpresentedin this thesisusingtheSSD,
but it canbereplacedif neededwith morepowerful similarity metrics.As for our
applicationswe areonly interestedin monomodalregistration,we do not expect
this to have any in�uence on theresults.
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2.1.2 Transformation space

The modelof transformationdeterminesthe quality of the result in an essential
manner. Thenumberof degreesof freedomthatareallowedfor thetransformation
rangesfrom therigid transformation(6 degreesof freedom)to thedensedisplace-
ment�eld (one3D vectorpervoxel). This sectionprovidesa brief survey of the
mostwide-spreadtransformationmodels.

Rigid / af�ne transformation

Thesearethesimplestmodels.Therigid transformationassumesthatthetwo im-
agepresentthesameobjectsin thesamestate,but in differentpositions.Therefore,
the transformationis modeledthrougha rotation/translationmatrix (6 degreesof
freedom).Theaf�ne transformationis a generalizationof therigid one: therota-
tion is replacedby a generallinear transformationmatrix, thusaddingshearand
scalingandincreasingthenumberof degreesof freedomto 12. Rigid registration
is themostappropriatefor non-deformableobjects(e.g.thehead)if thetwo images
belongto thesamesubject,andnosurgical interventionhasoccurredbetweentheir
acquisitiontimes. Af�ne registrationis thesimplestform of deformableregistra-
tion, andit canbeusedif deformationsarevery low. A largeamountof work has
beendedicatedto recovering rigid andaf�ne transformations(e.g. Woodset al.
(1993);Collignon et al. (1994);Hill et al. (1994);Collignon et al. (1995);Maes
et al. (1997);Viola andWells (1997);Bro-Nielsen(1997);Ourselinet al. (2000,
2001)),andcomputationtimesaregenerallylow, which makesthemwell suited
for clinical use(Ourselinet al. (2002)).

Parametric deformations

The deformationis modeledusing a tunablenumberof parameters,larger than
the12 parametersof anaf�ne transformation,andgenerallymuchlower thanone
vectorpervoxel.

In order to achieve a fast implementationof elasticity-baseddeformationmod-
els (previously introducedby Broit (1981);Bajscy andBroit (1982);Bajcsyand
Kova�ci�c (1989)asdescribedin thenext section),someauthors(Geeet al. (1993);
Ferrantet al. (2002); Rexilius et al. (2001)) representthe deformationsby the
position of the nodesof a tetrahedrizationof the imagespace,and provide an
interpolationmethodfor the rest of the image. This techniquewas extensively
usedfor brain-shiftdetection(Ferrantet al. (2002);Rexilius et al. (2001);Clatz
etal. (2003)).It alsoadmitsveryef�cient parallelimplementations(War�eld etal.
(2002);Sermesantetal. (2003)).
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Anotherwidely usedmodelof transformationis basedon splines.Someauthors
usedB-splines(Rueckertetal. (1999);Dornieretal. (2003);Hufnageletal. (2005))
in ordertomodelrelatively smoothdeformations.Others(Evansetal. (1991);Rohr
et al. (2001))usedinterpolatingthin-platesplines(Bookstein(1989)),which have
a bendingenergy that cancontrol the smoothnessof the deformation.The main
disadvantageof this kind of methodis that thecomputationtime tendsto become
very large whenrecoveringhigh resolutiondeformations.Onepotentialprogress
maycomefrom theuseof Non-UniformRationalB-Splines(Piegl (1991)),which
allow for unevenlyspacedcontrolpoints.Thismayenableamulti-resolutionmod-
eling of the transformation,ableto recover �ne deformationsin certainareas(by
usingmany controlpoints),andsmoother(andeasyto compute)onesin others(by
usinglesscontrolpoints).

Rohdeetal. (2003)proposedamultiresolutiontransformationbasedonRadialBa-
sisFunctions.They select,onamulti-resolutiongrid, thepointsthatbestoptimize
thenormalizedmutualinformationin orderto drive a radialbasistransformation
model.Thanksto thelocalsupportof theradialbasisfunctions,thesimilarity crite-
rion is only computedfor a relatively smallnumberof voxels. A similar threshold
onthegradientof thecostfunctionhaspreviouslybeenusedby CollinsandEvans
(1997).Themulti-resolutionframework allows a spatiallyadaptive descriptionof
the transformation. Its effective precisionis limited to the �nal grid resolution
(smallerdetailscannotbemodeled),which hasto remainrathercoarsein orderto
achieve reasonablecomputationtimes(reportedby Rohdeet al. (2003)to beof up
to 3 hoursfor typical imagesanda �nal grid of size17x17x15).However, asthe
authorspredict,this timemaybesigni�cantly decreasedby aparallelimplementa-
tion.

Locally rigid or af�ne transformationhavebeenusedasameanto reducethenum-
berof degreesof freedom.Hellier et al. (2001)usea multi-resolutionapproachin
which they divide the imagespaceinto “uniform resolution”cubes. Insideeach
cube,an af�ne transformationis used. Pitiot et al. (2003) also estimatelocally
af�ne transformations.Eachvoxel is warpedby one of several af�ne transfor-
mations,anda clusteringalgorithmis usedto decidewhich af�ne transformation
driveseachvoxel. Arsigny et al. (2003)proposea locally rigid registrationalgo-
rithm in whichthedisplacementis obtainedby integratingaweightedcombination
of rigid or af�ne transformations.

Displacement�elds

Displacement�elds lie attheextremesideof thetransformationspectrum.Foreach
point in oneimage,thedisplacement�eld containsa (3D) vectorthatspeci�esits
relative position(displacement)afterthemotion.However, thenumberof degrees
of freedomprovidedby displacement�elds is too largefor mostapplications.We

17



would like therecovereddisplacementto becontinuousandsmooth,muchlike in
thecaseof realphysicaldeformations.Thisis necessaryif wewantananatomically
meaningfultransformation:the position of different tissuesis not inverted,and
thereareneithertissuecutsnor tissuecontractions.Therefore,the displacement
�eld is generally“regularized”in orderto enforceits smoothness.

The �rst registrationalgorithmsusingdisplacement�elds (Broit (1981),Bajscy
andBroit (1982))simulatedreal world elasticdeformations.They werelaterex-
tendedto amultiresolutionframework by BajcsyandKova�ci�c (1989).Theregular-
izationmayalsobedoneby convolving thedisplacementwith aGaussian(Thirion
(1998)),or by applyingmorecomplex �lters (Bro-NielsenandGramkow (1996);
Hermosilloetal. (2002);Tchumperle(2002)).

Themaindrawbackof themodelis thelargememoryspacerequiredby thetrans-
formation. However, it accumulatestwo advantagesthat make it extremelywell
suitedfor inter-subjectregistration:

1. It canrepresenta nonlineartransformationwith anarbitrarily largenumber
of degreesof freedom(1 displacementvectorperimagevoxel). Thus,it can
potentiallybestcapturethe�ne differencesthatexist betweentwo brains.As
wewill seein Chapters3 and4, adisplacement�eld canverywell represent
transformationsthat aresmoothin someareas,andpresent�ne detailsin
others.

2. Algorithms controlling the local level of regularity of the deformationare
computationallyvery ef�cient (Chapter3). Furthermore,thesealgorithms
canbeeasilyimplementedon parallelcomputers,which leadsto low com-
putationtimes(Chapter5).

The above reasonsled us to usea densedisplacement�eld in orderto represent
deformations.Section2.2reviews someof thecurrentlyexisting registrationalgo-
rithmsbasedon densedisplacement�elds.

2.1.3 Registration of imagescontaining pathologies

Up to know, we have assumedthat therewasan anatomicallymeaningfulcorre-
spondencebetweenall the voxels of the two images. When registeringpatient
imagescontainingbraintumorswith ananatomicalatlas,voxelslocatedinsidethe
tumor have no correspondencein the atlas(which is generallyan imagecoming
from a healthysubject).Numerousmethodsandtoolshave beenalreadydevised
to addressnon-rigid registration(Maintz andViergever (1998)),but muchfewer
dealwith thiskind of pathologicalabnormalities.
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Kyriacouetal. (1999)usedabiomechanicalmodelingof thebrainandtumorbased
onnon-linearelasticity. In thecaseof multi-subjectpatient/atlasregistration,elas-
tic modelsareof low relevancy, sincethetransformationto recover doesnot cor-
respondto a physicaldeformation.Furthermore,Christensenet al. (1996)showed
thata �uid componentis neededin orderto recover largedeformations,suchasthe
onesimplied by multi-subjectregistration. Therefore,algorithmsbasedentirely
on elasticdeformationsmay not be able to recover the differencesbetweentwo
differentsubjects.

Dawantetal. (2002)proposedto arti�cially introducethepathologyin theatlas.A
�rst non-rigid registrationbetweenpatientandatlasyields an initial deformation
that is usedto implant a “pathologyseed”inside the atlas. This deformationis
then re�ned by non-rigidly registeringthe subjectimagewith the seededatlas.
Later, BachCuadraet al. (2004)addeda tumorgrowth modelto thealgorithm. In
this framework, the main problemis the �rst registration,which caneasily fail,
especiallyif thepathologyis locatedcloselyto thebrainborderor theventricles.

Recently, Liu etal. (2004)modi�ed theHAMMER algorithm(ShenandDavatzikos
(2002)) in order to use statisticalinterpolationin “non-corresponding regions”
(supposedto be insidethe tumor). This enablesthe algorithmto register tumor-
diseasedimageswith an atlas. Suchan analysismay presumablybe unreliable
for multisubjectregistration,whereit is hardto distinguishbetweenregionsthat
“do not correspond”becausethey arepathological,andother regionswherethe
anatomyin thetwo imagesis justa little different.

2.1.4 Our approach

In summary, in ouropinionthealgorithmrequirementsarethefollowing:

1. In orderto avoid tediouspre-segmentationstepsto whichthealgorithmmay
potentiallybevery sensible,thesimilarity of thetwo imagesshouldbeesti-
matedby directly usingthevoxel intensitiesasfeatures.Therefore,theal-
gorithmwill constantlytry to “ pair” eachvoxel from oneimagewith some
voxel from theother.

2. A densedisplacement�eld guaranteesthat the transformationcan be po-
tentially representedat it maximal level of detail all over the imagespace.
This �eld undergoesaregularization(“ smoothing” ) stepwhichcontrolsthe
local level of detail/regularity. This choiceprovidesa �e xible transforma-
tion model,while still giving the ability to estimateit in a multiresolution
manner. As describedin the following chapters,the algorithmsallowing
to locally control the level of resolutionarevery fast. Furthermore,sincea
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displacementis explicitly describedfor eachvoxel, thisapproachmaypoten-
tially enabletheintroductionof geometricinformationatalow cost(Cachier
et al. (2001)).

Following a classi�cationof registrationalgorithmpresentedby Cachier(2002),
we call thisclassof algorithms“pair-and-smooth”.

2.2 The pair-and-smoothapproach

Numerouspair-and-smoothalgorithmshave beenproposedin thelastdecade,and
the techniqueis relatively mature. This sectionperformsa brief synthesisof the
mostimportantalgorithmsthatwill serveasabasisfor thedevelopmentsproposed
in this thesis.

2.2.1 A summary of existingpair-and-smoothmethods

In order to ensurethe invertibility of the recoveredtransformation,Christensen
et al. (1996)proposeda nonlinearregistrationalgorithmbasedon a physical�uid
dynamicsmodelof deformation(Christensenetal. (1994a,b)).Thealgorithmuses
threedisplacement�elds, which areall initialized to 0: the �nal displacementU,
and two intermediateones(u and v). The displacementis estimatedthrougha
four-stepiterative process:

1. Performa gradientdescentstepon the SSDsimilarity criterion betweenI
andJ � U in orderto recover asmallcorrection�eld u.

2. Computethevelocity �eld v usingtheNavier-Stokesequation1 with u asthe
externalforce

� � v + (� + � )r (r � v) + u = 0

3. ComputetheassociatedperturbationR in theEulerianframework (where�
is thetimestep,andr U is theJacobianmatrix �eld of U).

R = � (v + r UT v)

4. ComputetheJacobianof theperturbed�eld U + R. If theJacobianis close
to beingnegative in someplaces,thentheupdated�eld U + R is in dangerof
notbeinginvertible.If so,updatethedisplacement�eld throughcomposition
asU  U � (� v) andreinitializev to 0. Otherwise,updateit throughexplicit
Eulerintegration:U  U + R.

1Themodelhasbeensimpli�ed by neglectingthepressuregradientandtheinertial terms.
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5. Go to step1.

The procedurewhich ensuresthat the recoveredtransformationis a diffeomor-
phism is called "regridding": the time integration is performedin the Eulerian
framework; and if the Jacobianof the transformationis in dangerof becoming
negative, thenon-invertibility is avoidedby usingcompositionratherthanexplicit
Euler integration. Although the invertibility of the transformationis ensured,the
modelhastwo drawbacks. First, althoughthe recovereddisplacement�eld is a
diffeomorphism,thepurely�uid modelof deformation(allowing very largedefor-
mations)maylocally bringthetransformationverycloseto singularity:aJacobian
that,althoughpositive, is verycloseto 0 (a largevolumecontraction)or very large
(a largevolumeexpansion).This amountsto hugevolumecontractionsor expan-
sions.Second,therearetwo reasonsfor which thealgorithmis extremelyslow:

1. TheNavier-Stokesequationissolvedthroughsuccessiveoverrelaxation(Chris-
tensenet al. (1994a)),which computesanaccurately�uid modelat theex-
penseof a largecomputationtime.

2. Themethodrequiresateachiterationthecomputationof theJacobianmatrix
of thedisplacement�eld, which is computationallyveryexpensive.

Hence,Christensenet al. (1994a)reportcomputationtimesthat areaslarge as2
hourson a128� 128MasParcomputerand1.4daysfor aMIPSR8000processor
for acoupleof 128� 128� 100images.Bro-NielsenandGramkow (1996)propose
a fasterversionof thealgorithmby implementingthe�uid modelasa convolution
�lter ratherthanby successive overrelaxation.This hasreportedlydecreasedthe
computationtimeby anorderof magnitude.

Lesteret al. (1999)extendedthe �uid registrationalgorithmproposedby Chris-
tensenet al. (1994a)to variableviscosity. They model the imagespaceasa in-
homogeneous�uid, whoseviscosity variesspatially. The methodusesthe suc-
cessive over-relaxationmethodto solve themodel,which leadsto a computation
time penalty. However, aswe will seebelow, beingableto modelinhomogeneous
deformationsis particularlyimportantin multi-subjectregistration.

Anotherway to guaranteethe invertibility of the transformationis to simultane-
ously computethe transformationand its inverse. This method,developpedby
Christensen(1999) (seealso Christensenand Johnson(2001) and Johnsonand
Christensen(2002))solvesa problemcommonlyencounteredin nonrigidregistra-
tion: thetransformationthatdeformstheimageI into theimageJ is not theinverse
of thetransformationthatdeformstheimageJ into theimageI. In practice,thisal-
gorithmrequireslargecomputationtimes(e.g.onehourfor 256� 3202D images),
andis thereforeincompatiblewith ourclinical requirements.
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Thedemons'algorithm, proposedby Thirion (1996b),hastheadvantageof amuch
lowercomputationtime,while beinganapproximationof themethodproposedby
Christensenet al. (1994a),asshown by Bro-NielsenandGramkow (1996). This
algorithmhasbeenrelatively widely usedsofar (Bricaultetal. (1998);Webbetal.
(1999);Primaet al. (1998);Dawant et al. (2002);BachCuadraet al. (2004)). It
optimizesthesimilarity criterionthrougha four stepalternatedminimization:

1. A correction�eld u is estimatedusinga renormalizedversionof theoptical
�o w

u =
I � J � U

kr I k2 + � (I � J � U)2
r I

2. Thecorrection�eld u is regularizedusingaconvolution with aGaussian.

3. The currentdisplacement�eld is composedwith the correction�eld U  
u � U.

This approacheliminatesthe two performancebottlenecksof Christensen's �uid
model: the computationof the Jacobianandthe resolutionof the Navier-Stokes
equation.Furthermore,eachiterationof thealgorithmis computedin a lineartime
with respectto theimagesize,whichwasnot thecasebefore.However, asshown,
the modeldoesnot presentany mathematicalguaranteesof convergencetowards
a minimum: theestimationof thecorrection�eld decreasestheregularity, andthe
Gaussian�lter decreasesthesimilarity. Therefore,Pennecet al. (1999)andlater
Modersitzki(2004)put thealgorithmin a variationalframework andshowed that
it minimizesa globalenergy. Althoughdifferent,their methodsproposeto solve
theregistrationproblemby minimizingenergy functionscloseto theonebelow:

E = SSD(I ; J � U)
| {z }

similarity

+ 

Z



kr Uk2

| {z }
regularity

(2.1)

underNeumannboundaryconditions2. In this formulation, the optical �o w has
beenreplacedby a normalizedgradientdescenton the SSDsimilarity criterion,
whereasthe regularity is enforcedby decreasingthe gradientof the deformation
�eld. The similarity term (pushingtowardsbettersimilarity) and the regularity
term(pushingtowardsa moreregulartransformation)arelinkedthrougha weight

 .

2The Neumannboundaryconditionsspecify that, on the domainborder, the gradientof U is
perpendicularon thenormalto theborder(r UT � ~n, where~n ? @
 ).
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Cachieret al. (2003) introducedauxiliary variables(Cohen(1996)) to formalize
thealternateminimizationof thedemons'algorithm,while preservingits compu-
tationalef�ciency. Theenergy in Equation2.1is reformulatedas

E = SSD(I ; J � C)
| {z }

similarity

+ �
Z



kC � Uk2

| {z }
link

+ 

Z



kr Uk2

| {z }
regularity

As in thepreviousalgorithm,onecanremarkthepresenceof similarityandregular-
ity terms.However, thepresenceof themiddlelink termseparatesthetwo variable
tooptimize(C andU) andguaranteesthatthetotalenergy diminishesateachgradi-
entdescentstep.Thislink term

R
kC � Uk2 enforcestheresemblancebetweenthe

auxiliary variableC andthedisplacement�eld U. Theoptimizationis performed
in two steps.The �rst part of the criterion (SSD(I ; J � C) + �

R
kC � Uk2) is

minimizedthroughgradientdescentwith respectto C (U being�x ed). Then,the
secondpart(�

R
kC � Uk2+ 


R
kr Uk2) is minimizedwith respectto U (C being

�x ed).This is doneby convolution with aGaussian.

In order to deal with inhomogeneoustransformations,Hermosillo et al. (2002)
regularizethetransformationusinganisotropicdiffusion,basedon thelocal image
intensitiesasdoneby NagelandEnkelmann(1986)(alsoseeAlvarezetal. (2000)).
They alsoderive somemulti-modalsimilarity criteria(mutualinformation,corre-
lation coef�cient andcorrelationratio), in orderto optimizethemthrougha fast,
gradient-basedtechnique.Chefd'hotelet al. (2002)proposeda similar algorithm,
but usinga Gaussianregularization,andshowed that it preserves the diffeomor-
phismpropertyon therecoveredtransformation.A pair andsmooth�uid registra-
tion algorithmbasedon themutualinformationandusingtheconvolution with a
Gaussianfor regularizationhasalsobeenproposedby D'Agostino etal. (2003).

2.2.2 A simple pair and smoothalgorithm

Thissectionsynthesizestheprototypeof apair-and-smoothregistrationalgorithm,
and provides the basisof the methodproposedin this manuscript. In order to
clarify thedescriptionof ouralgorithm,ourpresentationwill follow thederivation
of the demonsalgorithmof Thirion (1998)aspresentedin Pennecet al. (1999).
Thedescriptionshows its mainweaknessesthatwewill addressin this thesis.

The demonsalgorithmalternatesthe maximizationof the similarity andthe reg-
ularity criteria. The similarity is maximizedthrougha gradientdescentthat we
describebelow, while the regularity is enforcedby convolving the deformation
�eld with astationaryGaussian.Thealgorithmcanusedifferentsimilarity criteria,
suchastheSmallestSquaredDistance(SSD)(Pennecet al. (1999))or theLocal
CorrelationCoef�cient (CachierandPennec(2000)). Sincethe SSDcriterion is
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commonlyacceptedasareliablemethodfor monomodalregistration,wewill useit
asanexamplethroughoutthischapter. As wealreadysaw, morepowerful similar-
ity metricsfor multi-modalregistrationaredescribedin (Rocheetal. (1998,2000);
CachierandPennec(2000);Guimondet al. (2001b);Hermosilloet al. (2002)).

Thegradientdescentstepcanbedescribedasfollows: given thecurrentvalueof
thedeformationU, thegoalis to �nd asmalladditivecorrectionu thatminimizes
thechosensimilarity criterion.A �rst orderTaylorexpansionleadsto:

SSD(I ; J � (U + u)) =
Z

[I (p) � (J � (U + u))( p)]2 dp (2.2)

As by de�nition
R

f (p)> u(p) dp is thedot productof thevectorfunctionsf and
u, wegetby identi�cation:

r SSD = 2[(J � U)(p) � I (p)] [(r J ) � U] (p)

FromtheTaylorexpansion,wecanseethatthecriterionis minimizedif weupdate
thecurrentdisplacement�eld Un at iterationn by addinga small fraction� of the
gradientun = � � � r SSD to obtainUn+1 = Un + un . This �rst ordergradi-
entdescentis usuallytheevolution equationusedin PDEapproaches(Hermosillo
et al. (2002)).Thedemonsalgorithmcorrespondsto a slightly morecomplex sec-
ond ordergradientdescentschemewherethe gradientis renormalizedusingan
approximationof the secondorderderivative of the SSDcriterion (Pennecet al.
(1999)).

Thismethodis ef�cient, but it suffersfrom amajordrawback:Theadditivecorrec-
tion schemepresentedabovedoesnot re-computethegradientof thesourceimage
at eachoptimizationstep,but ratherresamplesit. In Section2.2.3,we arguethat
this additive schemebecomesinvalid with largelocal rotations,andit mayleadto
a non-invertible transformation.Therefore,we proposea “compositive scheme”
thattacklesall typesof displacementsand,furthermore,ensurestheinvertibility of
therecoveredtransformation.

2.2.3 Recovering largedeformations

The additive formulationof the Taylor expansionof the SSDleadsto a gradient
descentproportionalto the resampledgradientof the sourceimager J , without
changingits direction. In real cases,wherethe deformationcontainslarge local
rotations,thedirectionof thegradientof thecriterionwill slowly becomeparallel
to thecontoursof theresampledimageJ � U, therebydiminishingits ef�ciency at
eachiteration.Figure2.1presentsanexampleof a90� rotationof asimpleimage.
At thebeginningof theregistration,bothschemesevolve in similar manners(Fig.
2.1b).However, astherotationis graduallyrecovered,thecorrection�eld yielded
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(a) Target im-
ageI .

(b) Sourceim-
ageJ .

(c) Resampledsource
image J � U for an
intermediatecorrection
�eld (additive scheme).

(d) Resampled
sourceimageJ � U
for an intermediate
correction �eld
(compositive
scheme).

Figure2.1: Recovering a 90� rotationof a simple2D image(Fig. a) using the
SSDcriterionandtwo correctionschemes(additive andcompositive). Thearrows
indicatethecorrection�eld atacertainiteration.At thebeginning,thetwoschemes
exhibit similar behaviors (Fig. b). However, astherotationis beingestimated,the
additive schemeyields correctionswhich tendto be parallelto the contourlines,
therebyloweringits ef�ciency (Fig. c). By updatingthedirectionof thecorrection,
thecompositive schememaintainsits ef�ciency to recover rotations(Fig. d).

by the additive scheme(Fig. 2.1c)getsincreasinglyparallel to the contourlines
(i.e. perpendicularto thegradientof the image). As themotionperpendicularto
thegradientof the imageis not detectable(apertureproblem),thecorresponding
correction�eld componentdoesnotprovideusefulinformation,andtheef�ciency
of thecorrectiondecreases(Fig. 2.1c).

Remark A goodquanti�er of theef�ciency of thecorrection�eld is thecosine
of the anglebetweenthe deformationforce andthe local imagegradient: if this
angleis 0 (i.e. they areparallel),theforceis fully ef�cient; theforcediminishesas
thisangleincreases.

Following Trouvé(1998),Miller andYounes(2001)andChefd'hoteletal. (2002),
wereplacetheadditionof thecorrectionanddisplacement�elds U n+1 = Un + un

by the compositionof the correspondingtransformations. If I d is the identity
transformation,thiscorrespondsto

I d + Un+1 = (I d + Un ) � (I d + un ) = I d + Un � (I d + un ) + un :

Thus,denotingby (U � u)(p) = U(p + u(p)) + u(p) theresultof thetransforma-
tion compositionon the displacement�elds, we endup with the updateequation
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Un+1 = Un � un . Onecanremarkthata �rst orderTaylor expansionof (U � u)
yields:

(U � u)(p) = U(p+ u(p)) + u(p) = U(p)+ r U(p)T u(p)+ u(p)+ O(kuk2) (2.3)

Therefore,thetwo schemesareequivalentif thedisplacement�eld is locally con-
stant(r U � 0), whichcorrespondsto a (local) translation.

Thegoalis now to �nd thecorrection�eld u thatminimizesSSD(I ; J � (U � u)) .
TakingJ 0 = J � U, we camebackto theadditive formulationwith U0 = 0 since
(0 � u) = u. Therefore,we have:

SSD(I ; J � (U � u)) = SSD(I ; J 0 � (0 + u))) (2.4)

Thus,themajordifferencewith theadditive scheme(Eq. 2.2) lies in thatwe now
takethegradientof theresampledimager (J � U) insteadof theresampledgradient
of theoriginal image(r J ) � U. To summarize,theusualadditive schemeconsists
in computingthegradientof theSSDat thecurrentdisplacement�eld U n andthen
to updatethedisplacementusinga fractionof thisgradient:

Un+1 = Un � �: 2[J � Un � I ] [(r J ) � Un ] (2.5)

Theequivalentcompositive schemeis

Un+1 = Un � (� �: 2[J � Un � I ] [r (J � Un )]) (2.6)

Remark Thefraction � of thegradientthat is taken at eachoptimizationstepis
analgorithmparameter. Section3.2.1will show amethodto automaticallytuneit.

If we go back to our squareexample,one can notice in Figure 2.1d the effect
of the gradientof the deformedsourceimagebeing updatedwith the composi-
tive scheme:at eachiteration,thecorrectionis perpendicularto thecontourlines,
which increasestheconvergencerate.Thissimpleexampletranslatesinto thegen-
eralcaseif weconsiderthetwo smallimagesasbeingmerelylocaldetailsof larger
ones.Largelocal rotations,suchastheonepresentedhere,occurratherfrequently,
especiallyin multi-subjectregistration,andthey aredif�cult to recover by consid-
eringanadditive correction�eld.

Guaranteeing invertibility The compositive schemehasan additionaladvan-
tage.If thecorrectionu is a homeomorphismat eachstep,thenthetotal displace-
mentU is alsoa homeomorphism.What is interestingis that this propertystill
holds in practicewith the discretecompositionof displacement�elds using tri-
linear interpolation. Moreover, guaranteeingthat u is invertible is fairly easy: it
suf�ces to limit its normto half of thevoxel size. Figure2.2presentsfour voxels
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(a) At eachiteration,too
large correction vectors
mayyieldanuninvertible
transformation.

(b) By limiting the cor-
rection vectors at each
iteration, the recovered
transformationis invert-
ible.

Figure2.2: Guaranteeingtheinvertibility of thedisplacement�eld.

of a two-dimensionalimageon a regulargrid, andthedisplacementvectorsof the
two lowervoxels. If thenormsof thesevectorsarelarge,they canpotentiallycross
andcausefoldingsin theresampledimage(Fig. 2.2a).Invertibility of thedisplace-
ment�eld canbeeasilyensuredby limiting thenormof thesevectorsto half of the
voxelssize(Fig. 2.2b). This way, even in theworstcasescenario,vectorscannot
crossandthedisplacement�eld is alwaysinvertible. This avoidsthecomputation
of theJacobianateachiteration,asit is doneby Christensenetal. (1996).

Compositive schemevs. regridding: executiontime comparison This section
illustratedthecompositive schemewith theSSDcriterion,but this maybeeasily
generalizedto othersimilarity criteria. Onemay alsocomparethis schemewith
theregridding methodusedby Christensenet al. (1996),anddescribedin Section
2.2.1.Table2.1showsacomparativeanalysisof theoperationsrequiredby eachof
thethreeschemes.Assuminga computationtime similar for a scalar�ltering and
for ascalarresampling(webasicallyhave to sweepthememoryfor theimageval-
ues),wecanseethatthecompositive schemeis only 25%slower thantheadditive
one,andit takesonethird of thetime requiredby a regriddingscheme.However,
its accuracy is equivalentto theoneof theregridding.

2.3 Discussion

This chapterpresentedpossibleexisting solutionsto the atlasto patientregistra-
tion problemin view of the clinical requirementspresentedin Section1.1. Both
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Scheme Scalar�ltering Scalarresampling
Additive 0 3

Compositive 3 1
Regridding 9 3

Table2.1: Comparativeanalysisof thecomputationalcomplexity of additive,com-
positiveandregriddingschemes.Thecompositiveschemeis threetimesfasterthan
theregridding,while theaccuracy is similar.

applicationsrequirea nonlinearregistrationalgorithm that hasto ful�ll several
conditions.

First, thealgorithmhasto registera subjectimagewith anatlas. In orderto sim-
plify the problem,the atlasimagewaschosento be of the samemodality asthe
patientones.Therefore,we foundexisting similarity criteria,suchastheSSDor
thecorrelationcoef�cient to beveryef�cient. Furthermore,evenwith adensedis-
placement�eld, aninvertibility guaranteecanbeachievedrathereasily, with a low
computationtime. However, theregistrationis multisubject,which meansthatwe
will have to addresssomeotherissues:

� Sometimes,weknow thatdeformationsarehighly inhomogeneousin certain
areas,andexhibit a largespatialcoherencein others.In Chapter3, weargue
that the regularizationwith a uniform Gaussianis not adaptedto recover
suchdeformations,andthatelasticmodelsarecomputationallyexpensive to
solve. Thus,we proposea fasterregularizationmethodthat is compatible
with inhomogeneousdeformationsandhaslow computationtimes.

� The above algorithm,like many others,takesall voxels into accountin an
equalmanner. Basedon the observation that someareasin imagescon-
tribute more relevant information thanothers,we describein Chapter3 a
methodthatweightsthelocal in�uenceof thecorrection�eld in theregistra-
tion basedon apriori informationaboutthelocal reliability of thesimilarity
criterionat eachvoxel. This methodcanbeadaptedto dealwith imagesof
patientswith abraincancerthatcontainlarge,contrastedlesionswhichhave
no correspondencein theatlas. Therefore,they tendto misguidetheregis-
trationalgorithm. In Chapter3 we proposea methodto ignorelesions,and
only concentrateonreliableinformation.

Second,in certaincases,we areonly interestedin thesurfacesthatdelimit struc-
turesof interest.We want thesesurfacesto remainregularafterdeformation,and
give the restof the imagethe freedomto deform. In Chapter4, we presentan
anisotropicregularizationmethodthatenforcestheregularityof speci�edsurfaces
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during thedeformationprocess.Thepresentedanisotropicconstraintscanbepo-
tentiallyextendedto othertypeof structures,suchaswhitematter�ber bundlesor
sulci.

Last,thealgorithmshouldtakealow executiontime,in orderto beusefulto physi-
cians.Sincetheproblemis complex, andwe do not want to take therisk of low-
eringthecomputationtime at theexpenseof theresults'quality, Chapters5 and6
proposeaparallelimplementationon a low costparallelmachine.
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Chapter 3

Fast �uid registration with local
elasticconstraints

Thischapterprovidessomesolutionsfor theproblemsproblemsdescribedin Chap-
ter2, arisingin multisubjectregistration.First,wemodify thedemonsregistration
energy (Eq. 2.1) in orderto accountfor tissueswith space-varying deformability,
andwedescribeanef�cient resolutionmethod.Then,wetackletheproblemof the
relative importanceof the informationin variousregionsin the images.In order
to achieve reasonablecomputationtimes,wedescribeafastnumericalschemethat
allowsto achievebothgoals.Wepresenttheresultsof themethodonthetwo appli-
cationsdescribedin Chapter2: theregistrationof Parkinsonianandtumor-diseased
brainimageswith anatlas.

3.1 Method

3.1.1 Non-stationary “elastic” regularization basedon anatomy

Real deformationsare often highly inhomogeneous.When regularizing with a
stationaryGaussian�ltering, theamountof regularizationis givenby thestandard
deviation of the �lter . This value is either too large, preventing the retrieval of
�ne details,or too small,which yieldsa noisydeformation�eld in smoothareas.
Thesolutionwe proposeis to usea priori informationaboutthevariability of the
differentstructuresin theimagesto locally adaptthelevel of regularization.
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A modi�cation of the energy function for non-stationary regularization

A model that allows us to specify the local degreeof regularizationis elasticity.
However, the model is complex andsolving it canbe computationallyintensive.
Furthermore,in the multi-subjectcase,an elasticconstrainton the deformation
thatlinks theobjectsin thetwo imageshasno physicaljusti�cation.

Wehave seenin thepreviouschapter(Section2.2) thatthedemonsalgorithmcor-
respondsto minimizing thefollowing energy (whereU� is thedisplacementalong
thedirection� 2 x; y; z):

E = SSD(I ; J � U)
| {z }

similarity term

+ 

X

� 2f x;y ;zg

Z
kr U� k2

| {z }
regularity term

(3.1)

whereSSD is the similarity criterion,andU is the displacement�eld. The sec-
ond(regularity) termtendsto keeplocalvariationsof thedisplacementlow, which
imposesa strongcorrelationof thedisplacementof neighborvoxels. Optimizing
theregularity termamountsto convolving thedisplacement�eld with a Gaussian.
We modi�ed this criterionin orderto weightthelocal spatialcorrelation(regular-
ization)of thedisplacementmorein someplacesthanin others.If d(x; y; z) is a
spatial�eld thatmeasuresthe local importancefor thedisplacementsof neighbor
voxelsto becorrelated,thentheenergy to minimizebecomes

E = SSD(I ; J � U) + 

X

� 2f x;y ;zg

Z
d(x; y; z) kr U� k2 (3.2)

Minimizing the regularity criterion

Thenew regularity criterionfor somedirection� hastheformulation

Reg(U� ) =
Z



d hr U� ; r U� i

By expandingReg(U� + h), weget

Reg(U� + h) =
Z



d hr U� + r h; r U� + r hi

= Reg(U� ) + 2
Z



hd r U� ; r hi + O((r h)2)
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Tocomputethegradientof theregularitycriterion,weneedto relate
R


 hd r U� ; r hi
to a term involving only h andnot its gradient(namely�

R

 h div(d r U� )). To

achieve that,let usapplytheGauss-Ostrogradsky divergencetheorem:
Z

@

hh (d r U� ) ; ~ni =

Z



div (h (d r U� ))

=
Z



hr h; d r U� i +

Z



h div (d r U� )

where@
 is thedomainboundary, and~n is its normal.Thelasttermwasobtained
by thestandarddifferentiationof a product: div(h ~v) = hr h; ~vi + h div(~v). By
assumingtheNeumannboundaryconditions(hr U� ; ~ni = 0 on theborder@
 of

 ), the left part of the above expressionbecomesnull (hd is a scalarexpression
thatcanbetakenoutof thedotproduct).Thus,weareleft with thesoughtresult:

Z



hd r U� ; r hi = �

Z



h div (d r U� )

Thismeansthat

Reg(U� + h) � Reg(U� ) = � 2
Z



h div(d r U� ) + O(r h2)

By de�nition, thegradient�eld r Regexistsif we have for any perturbationh the
equality

Reg(U� + h) = Reg(U� ) +
Z



h r Reg+ O(h2)

By identi�cation, weget

r Reg = � 2 div(d r U� )

Therefore,a gradientdescenton the regularity criterion @U�
@t (p) = �r Reg(p)

leadsto thenonstationaryheatequation

@U�

@t
(p) = �r Reg(p) = div(d r U� )(p) (3.3)

Discussion

The scalar�eld d givesthe costof irregularity. If the diffusion �eld is constant,
Equation3.3describesa lineardiffusion�lter , which canbeimplementedusinga
convolution with a stationaryGaussian.Thelargerd is, themoreimportantis the
diffusion.By analogywith mechanicaldeformations,wecancall d astiffness�eld :
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to �t ourpurposeof toleratinglargedeformationsin certainareasandsmalldefor-
mationsin others,it suf�ces to give d largevaluesin areaswherewe expectlittle
deformationsandsmall valuesin areasthat maycontainlarge ones. In this case,
d alsoencodestheanatomicalknowledgethatwehave on thedeformabilityof the
tissues.Currently, d is estimatedby usingregion-basedsegmentationalgorithms.
Sinced expressesthelocalstiffnessof thetargetimageI , weonly needto segment
this imageto computeit. However, unlike feature-basedregistrationthatneedsan
accuratesegmentationof thestructuresto match,ouralgorithmonly needsa fuzzy
segmentation.In Section3.2.1we will show a methodto automaticallyestimate
thed �eld for T1 MRI imagesof thebrain.

The proposedregularizationmethodhasa doubleheuristicmotivation. Oneone
hand,if two pointsbelongto a region that doesnot changesfrom one imageto
another, theirdisplacementsaremorecorrelatedthanif they belongto aregionthat
changesa lot. On theotherhand,thecloserthe two pointsareto eachother, the
moretheir displacementsarecorrelated.Therefore,we usea local regularization:
If a region exhibits a low variationbetweentwo differentimages,thenwe want it
too deformlessandbehave in a stiffer manner. On the contrary, highly variable
regionsshouldbeableto deformmore,andthereforebeassigneda lowerstiffness.
Thechoiceof a localGaussiansmoothinghasa triple motivation:

1. Smoothingby aGaussian(whichis equivalentto ourdiffusionequationwith
a locally constantstiffness)is not far from thesimulationof an elasticdis-
placementandit canmodelit with areasonableapproximation(Bro-Nielsen
(1996)).

2. Thestrengthof theregularityconstraintis describedby thelocalvalueof the
stiffness�eld d. By tuningthis,wecanregularizeinhomogeneousdeforma-
tionsthatalternatesmoothandhighly varyingregions.

3. As we will seebelow, solvinga diffusionequationis fastandeasilyimple-
mentableon aparallelsystem.

3.1.2 Con�dence-basedweighting of the correction �eld

The imageswe registerare inevitably noisy. This noisehasa strongimpacton
thegradientof thesimilarity criterion,especiallyin intensityuniform areaswhere
the local signal to noiseratio is low. Whenregularizingthe displacement,these
spuriousvaluestendto weaken thewell de�ned displacement“forces” locatedat
edges.Thegoalof this sectionis to �lter out theseunreliablevaluesfrom theraw
correction�eld. In thissectionweassumethatthenoisethataffectsthecorrection
�eld follows aGaussianmodel.
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We usea methodinspiredby the image-guidedanisotropicdiffusion (Weickert
(1997)): oncethe correction�eld u is computed,its componentsu � alongeach
axisare�ltered usinganonstationarydiffusionPDE:

@u�

@t
(p) = div [(1 � k(p))r u� (p)] , wherek(p) 2 [0; 1] (3.4)

Like in the previous section,if k is a spatiallyconstant�eld, the above equation
amountsto a Gaussiandiffusion,which waspreviously usedin similar conditions
(Cachieret al. (2003)andD'Agostino et al. (2003)). If k variesspatially, it mea-
suresthelocaldegreeof smoothingappliedto u � . For k(p) = 1, thelocaldisplace-
mentu� (p) will belocally unaffectedby theabove partialdifferentialequation.In
caseof smallervaluesfor k(p), thecorrectionis locally smoothed.This featureis
particularlywell adaptedto ourproblem.In areaswherethesignalto noiselevel is
low, wesmooththecorrection�eld, therebyattenuatingtheeffectsof noise.Thek
�eld measuresthelocal con�dencein thesimilarity criterion.

Pointsthatarereliablelandmarksin thesourceimagearethosewheretheneighbor-
hoodhasacharacteristicpatternthatcannotbeproducedby noise.Thecon�dence
canthereforebetakenasa measureof the local intensityvariability in thesource
image,suchasthelocal varianceor gradient.This typeof measureis static,since
it only hasto be computedonce,at the beginning of the algorithm. The expres-
sionwe usedis derivedfrom Weickert (2000)in thecaseof non-stationaryimage
diffusion:

k(p) = exp

0

B
@

� c
�

kr J (p)k
�

� 4

1

C
A (3.5)

Thecon�dencedescribedin theabove equationsis closeto 1 for largeimagegra-
dients,andto 0 in uniform areas.� is a contrastparameterthatdiscriminateslow
contrastregions(which aremainly diffused)from high contrastones(which pre-
serve theedgesin thedeformation�eld), andc is a scalarparameterusuallytaken
around3.3(seeWeickert (2000)).Weshow in Section3.2.1how theseparameters
aretuned.

Thecon�dence�eld k canalsobeusedto encodesomeanatomicalknowledge:in
certainapplications,especiallyin dif�cult multi-subjectcases,onemightchooseto
deliberatelyignorecertainaspectsof theimages,whichcouldmaketheregistration
fail (e.g. tumors,marker-enhancedregions). In suchapplicationsonecanimpose
thecon�denceto benull in areasthatareconsideredirrelevantfor theregistration.

Thisformulationof thecon�dencecanbeunderstoodasbeingatypeof softfeature-
basedregistration. Indeed,dependingon themethodusedto estimatecorrespon-
dences,registrationalgorithmsareclassi�ed into two maincategories. Intensity-
basedalgorithmstreat imagesas setsof voxels characterizedby their intensity
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which contribute in equalmeasureto the�nal transformation.Feature-basedreg-
istrationconsistsin estimatingcorrespondencesby matchinggeometricstructures
in the images,suchassurfacesor lines. Our methodis somewherein-between.
Voxels do not have thesameweightsin thecomputationof thecorrespondences.
Theoneswhichareon theedgesof signi�cant structureshavea largerweightthan
the others.By usinga kind of fuzzy featuresextraction,our algorithmis ableto
take into accountthe structuresvisible in the images,without needinggenerally
error-pronebinarysegmentations.

Similarapproacheshavebeenusedin imageregistration.Ourselinetal. (2000)es-
timatethecorrespondencesin thecaseof rigid andaf�ne registrationusingblock-
matching.Only theblocksin thesourceimagethathave a variancelarger thana
certainthresholdaretaken into account.The Nagel-Enkelmannoperator(Nagel
andEnkelmann(1986))usedin Alvarezet al. (2000)andHermosilloet al. (2002)
alsousesa measureof thelocal variationof thesourceimageto weightanelastic-
typematching.

3.1.3 Fluid vs. elasticregularization: a viscoelasticmodel

Our algorithmhastwo levels of regularization. The �rst oneactson the correc-
tion �eld, which canbeseenasthevelocity �eld. Thus,its regularizationcanbe
interpretedasa non-stationaryviscous�uid constraint.On thecontrary, theregu-
larizationof thedisplacement�eld canbeunderstoodasimposingakind of elastic
behavior. Consequently, the combinationof the two regularizationsendsup in a
sortof viscoelasticmovement.Our terminologyis basedon thefollowing classi�-
cationof rheologicalbehaviors of all materials:

� Viscousmaterials:in apurelyviscousmaterialall energy addedis dissipated
into heat.

� Elasticmaterials:in apurelyelasticmaterialall energy addedis storedin the
material.

� Viscoelasticmaterials: a viscoelasticmaterialexhibits viscousas well as
elasticbehavior. Typicalexamplesof viscoelasticmaterialsarebreaddough,
polymermeltsandarti�cial or naturalgels.

Let usincludeour coherence-basedregularizationof thecorrection�eld (Eq. 3.4)
in the global energy function of the regularization(Eq. 3.2). In this case,we
considerthecorrection�eld u asbeingthetemporalderivativeof thedisplacement
�eld U. Moreover, sincewe updateat eachstepU by composingit with u, we
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will seethe correction�eld as the Eulerianderivative of the displacementu =
@
@t U(p; t). Theupdatedenergy functionis

E = SSD(I ; J � U)
| {z }

similarity

+ �
X

� 2f x;y ;zg

Z
[1 � k(x; y; z)]








 r

@U�

@t










2

| {z }
�uid regularization

+ 

X

� 2f x;y ;zg

Z
d(x; y; z) kr U� k2

| {z }
elasticregularization

Onemay askwhy this energy function hastwo level of regularization. In Chris-
tensenetal. (1996),it is arguedthat,in orderto recover largedeformations,a �uid
modelof deformationis necessary. If we do not take into accounttheelasticreg-
ularization,our modelof deformationcanbe seenasa �uid one. However, the
purely�uid modelhasa drawback: it doesnot preserve theanatomicalcoherence
of images. Indeed,sincethereis no constrainton the displacement�eld itself,
themodelallows too large local volumeexpansionsor contractions.Mathemati-
cally, this translatesinto valuesof theJacobianof thetransformationthatareeither
very largeor very closeto 0. This posesa problemwith partialvolumesandnon-
correspondingstructures(e.g. in brain imaging,partialcerebro-spinal�uid/white
mattervoxels being transformedinto grey nuclei, or structurescontractingand
eventuallyvanishing). Furthermore,whenimagenoisegeneratesspuriousgradi-
entsin otherwiseuniform areas,strongartifactsappearin the deformation�eld
insidetheseregions. Theseside-effectsoccurdueto the unconstrainednatureof
the�uid modelwhenoptimizingthesimilarity (seeSection3.2.3).

Theproposedmethodalsobearssomeresemblanceto thevariableviscosityregis-
trationproposedby Lesteretal. (1999).Themaindifferenceresidesin thenumer-
ical resolution.WhereasLesteret al. (1999)follow a strict mechanicalmodeland
usea complex andtime-consumingmethodsucha thesuccessive over-relaxation
to solve it, we believe that in multi-subjectregistrationmechanicalsimulationis
notparticularlyadapted:wedo notdealwith realworld deformations.Instead,we
usea moretime-ef�cient approachbasedon a simplerinhomogeneousregulariza-
tion (non-stationarydiffusion) thatoffers thesamefunctionality (inhomogeneous
deformations)anda low computationtime(seeSection3.1.4).

Finally, we experimentallyobserved that a small amountof elasticregularization
was suf�cient to allow a hugedecreaseof the �uid regularization,leadingto a
muchfasterconvergenceof thealgorithm.
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3.1.4 Numerical implementation

As we have seen,boththecon�dence-based�ltering (Equation3.4)andtheregu-
larization(Equation3.3)canbedescribedusingnon-stationarydiffusionPDE'son
scalar�elds v (thex, y andz componentsof U andu). In this sectionwe tackle
theproblemof ef�ciently solvingsuchequationsin the isotropiccase.A similar
methodhasbeenusedin FischerandModersitzki(1999)andModersitzki(2004).

Explicit, implicit and semi-implicit schemes

Thesimplestway to solve ascalardiffusionequationsuchas

@v
@t

= div(d r v)

on a discreteimagev is to computethe derivatives using �nite differencesand
thenreformulatethe problemusinga matrix vectormultiplication. Considering
theimagev asa big onedimensionalvectorof sizeN containingsuccessively all
its voxels(e.g.N = dim x � dim y � dim z for a3D image),thederivativescanbe
encodedinto abig N � N matrixA, sothatwegettheexplicit scheme:

vt+� t � vt

� t
= A t vt :

wheret is thetime and� t is thetime step.TheLaplacianmatrix A t dependson
thetime t if thediffusion�eld d is time varying.

For thisexplicit scheme,all thevariableson theright sideareknown at timet, and
theresolutionis simplyvt+� t = vt + � t A t vt . However, suchanapproachis very
slow, sincethetimestephasto beverysmallin orderto avoid divergence(Weickert
etal. (1998)).Thisdrawbackcanbeavoidedby solvingtheimplicit scheme, which
containson theright sideonly thevariablesat thetime t + � t:

vt+� t � vt

� t
= A t+� t vt+� t

This schemeis guaranteedto bestablefor all valuesof � t. However, it is dif�cult
to solve (sincewe do not know A t+� t ), and thereforea semi-implicitschemeis
oftenpreferred:

vt+� t � vt

� t
= A t vt+� t

This amountsto solvingtheequation

vt+� t = (I N � � t A t )� 1 vt

AppendixA.1 shows a fastalgorithmthatsolvestheabove linearsystemin linear
time (w.r.t. to the imagesize). For moreinformationon the discretizationof the
equationitself, thereadershouldlook atAppendixA.2. AppendixA.3 presentsthe
implementationof theNeumannandDirichlet boundaryconditions.
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The semi-implicit schemein 3D: AOS

In the three-dimensionalcase,a problemarises:the matrix to invert is no longer
tridiagonal,whichleadstoamuchhighercomputationtime. In ordertoaddressthis
problem,Weickert et al. (1998)introducedtheAdditiveOperator Scheme(AOS),
whichmakestheresolutionof thePDEseparable,therebysimplifying thecompu-
tations.If the�ltering operatoris separable,wecanconsidertheLaplacianoperator
A to bethesumof its projectionsonthethreeaxesA =

P
� 2f x;y ;zg A � . Therefore

vt+� t =

0

@I N � � t
X

� 2f x;y ;zg

A �

1

A

� 1

vt

In thecaseof non-stationarydiffusion,hethenusedthefollowing approximation,
justi�ed by aTaylorexpansionof bothmembers:

vt+� t =

0

@I N � � t
X

� 2f x;y ;zg

A �

1

A

� 1

vt =
1
3

X

� 2f x;y ;zg

(I N � 3 � t A � )� 1 vt + O(� t2)

This reducesthe3D diffusion to three1D ones,thusreplacingthe inversionof a
non-tridiagonalmatrix with threeinversionsof tridiagonalones. In practice,we
obtainin our iterative optimizationalgorithmanequivalentcomputationalloadfor
oneAOSregularizationstepandfor thecomputationof thegradientof thesimilar-
ity criterion. AppendixA.4 describesin moredetail thepracticalimplementation
of theAdditive OperatorScheme.

3.2 The registration of brain MRI' s fr om Parkinsonian
patients

Wetestedouralgorithmby registering103D T1-weightedMRI imagesof Parkin-
sonianpatients,suchastheonespresentedin Figure3.1. They wereall acquired
usingthe IR-FSPGR(3D acquisition,InversionRecovery, FastSpoiledGradient
Echo) protocol and a �eld strengthof 1.5T. Theseimageswere acquiredpre-
operatively understereotacticconditions,in orderto selectoptimaltargetsfor deep
brain stimulation. All imageshave the samesizes256 � 256 � 124. In order
to eliminatelarge displacementsthatdo not re�ect anatomicaldifferences,image
coupleswereaf�nely registeredbeforethenon-rigidregistration.
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(a)Targetimage(sagittalview). (b) Sourceimage(sagittalview).

(c) Stiffnessinformation. (d) Con�dence.

Figure3.1: Registeringtwo T1-MRI imagesof differentsubjects.Thefour images
presentthesamesagittalsliceof thetargetandsourceimages,andthestiffnessand
con�dence�elds. The imagesarecourtesyof Pr. D. Dormont(Neuro-radiology
Dept.,Pitié-SalpétrièreHospital,Paris,France).
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3.2.1 Parameter tuning

Con�dence �eld

We computethe con�denceasa function of sourceimagegradient,asdescribed
by Equation3.5.Thevaluesof c and� areparametersof thealgorithm(thewayto
tunetheir valuesis detailedbelow in this section).Figure3.1dpresentsa sliceof
thecomputedcon�dence�eld (k). Its valuesgive theamountof smoothingof the
incrementalcorrection�eld. In placeswherethesevaluesarelow, thecorrection
�eld will be smoother(remarkthat the diffusion is weightedby 1 � k), thereby
makingtheseregionscountlessin theregistration.At eachiteration,thecon�dence
�eld is resampledinto thedeformedgeometry.

Discussion The standarddeviation of the gradientusedto computethe con�-
denceis the sameasthe standarddeviation of the gradientusedto computethe
deformationforce(1.0). This way, we preserve this force �eld in importantareas
onedges,andsmoothit in areaswhereit couldbeaffectedby noise.

Stiffness�eld

In brainimages,theshapesof structureslike ventriclesor gyri arehighly varying.
A commonproblemwith non-rigidregistrationalgorithmsthatusea uniform reg-
ularizationis their inability to properlydeformthe ventricles. In our algorithm,
theregularizationallows theuseof a higherlevel of regularizationin certainareas
thanin others.For choosingthe local level of regularizationinsidea structure,a
goodreferencewould betherelative variability of thestructure(normalizedby its
size). Computingsucha measureis a dif�cult problem. Our experienceshowed
thata goodchoiceis to usea level of regularizationthreetimeslarger within the
brain thanin the �uid-dominatedareas(insidethecerebro-spinal�uid andimage
background).Achieving afuzzysegmentationof theseareasfor T1-MRI imagesof
healthysubjectsis ratherstraightforward,sincea simplethresholdinggivesrather
goodresults. However, we wanteda moregeneralsegmentationmethod,ableto
take into accountother modalities,and also brainswith pathologies. Thus, we
consideredclassi�cationalgorithms.

In theseexperiments,we usedthe fuzzy k-meansalgorithm(Bezdek(1981);de-
Gruijter and McBratney (1988)) to classify the imagesinto � ve classes:image
background,cerebro-spinal�uid (CSF),grey matter(GM), white matter(WM)
andfat. If Pback(p), Pcsf (p), Pgm (p), Pwm (p) andPf at (p) arethefuzzymember-
shipsat a voxel p for respectively, theimagebackground,CSF, grey matter, white
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matterandfat classes,we computethestiffness�eld (Fig. 3.1c)as:

d(p) = Pgm (p) + Pwm (p) + Pf at (p)

As aninput, theclassi�cationalgorithmneedsinitial estimatesof theaverageval-
uesof the classes.Theseprotocol parameters are easily speci�ed by the user:
thanksto thegraphicalinterfacewehavedeveloped,theuservisualizestheimages
andinteractively determinestheinitial intensityvaluesfor eachtissueclass.They
areusedasinputparameters(� ve for eachimageto register)of thefuzzyk-means
algorithm.Thefuzzinessindex1 was�x edto 2.

Time steps

Theresultof theregistrationdependson thesimilarity gradientdescentfraction� ,
the two diffusion (elasticand�uid) time steps,andthe parametersc and� from
Equation3.5. Manuallytuningtheseparameterscanbea tedioustask,sinceregu-
larizationandsimilarity have differentunits. Our solutionis to provide a normal-
izationof theintensitiesbeforeregistration,asfollows: Fromthefuzzy segmenta-
tion thatallowedusto computethestiffness�eld, we take theaverageintensityof
thewhite matter� wm asa referencelevel, andthenapply the following intensity
correction:

I new =
K

� wm
I old, whereK is aknown constantgiving the�nal intensities.

Wehave experimentallynoticedthatthenormalizationproceduredescribedbelow
for T1-MRI brain imagessigni�cantly decreasesthe sensitivity of the algorithm
with respectto theseparameters.Oncethe algorithm parametersare tunedfor
a certainvalueof K , the userdoesnot have to changetheir valuessigni�cantly
betweentwo experiments. In fact, all the experimentspresentedin this chapter
weredoneusingthesamevaluesof theparameters(K = 256, c = 3:3, � = 200,
� t = 0:2, � = 0:0005).

3.2.2 Results

Thealgorithmwasrun in parallel(seeChapter5) onaclusterof 152GHzPentium
IV personalcomputers,linked togetherthrougha 1GB/sEthernetnetwork. For
theseimagesof size256� 256� 124, the computationtime was5 minutes,11
seconds.For comparison,thesameregistrationon a singlemachinetakes1 hour.
Figure3.2presentsa �rst registrationexperiment:largeanatomicaldifferencesare
well recoveredby the algorithm,while keepingthe transformationinvertible and
smooth.

1Thefuzzinessindex representsthedegreeof fuzzinessof theclassi�cationandit rangesfrom 1
to 1 . A fuzzinessindex of 1 correspondsto a hardpartitioning.
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(a) Targetimage(sagittalview). (b) Sourceimage(sagittalview).

(c) Resampledsourceimageafter
registration(compareto imagein
Fig. a).

(d) Thedeformation�eld (applied
to a regulargrid).

(e)Targetcontours,superimposed
on thesourceimagebeforeregis-
tration.

(f) Targetcontours,superimposed
ontheresampledsourceimageaf-
ter registration.

Figure3.2: Registrationexperiment: Even if the brainspresentedin the source
(Fig. b) andtarget(Fig. a) imagesareanatomicallyratherdifferent,theresampled
imageafter registration(Fig. c) is very closeto the target image(Fig. a). The
algorithmis ableto recover very well the shapesof the ventriclesandthe major
sulci. The recovereddisplacement�eld (Fig. d) is smooth. The differencesare
alsopresentedby superposingcontoursfromthetargetonthesourceandresampled
images(see,respectively, Fig. eandf).
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Figures3.3and3.4presentasecondandthirdexperiment,usingimagesof different
patients.The resultin Figure3.4 is remarkablein the fact that thealgorithmwas
ableto successfullyrecover thevery largedifferencethatexistsin theshapeof the
ventricles.

3.2.3 Discussion:�uid vs. elasticregistration

In orderto verify theassertionsmadein Section3.1.3,werana �uid-only registra-
tion algorithm,i.e. with noelasticconstraints.By comparingtheresampledsource
imageobtainedwith our visco-elasticregistrationalgorithmwith the resultof a
purely�uid algorithm,onecanseethattheformerbetterminimizesthesimilarity
criterion(Fig. 3.5). This canbeexplainedby thefactthatthe�uid framework au-
thorizesdeformationsthataremuchlarger that in theviscoelasticcase(Fig. 3.6).
As aconsequence,theJacobianof thetransformationobtainedthrough�uid regis-
trationhasmuchmoreextremevaluesthanin theviscoelasticcase,re�ecting much
largervolumecontractionsandexpansions(Fig. 3.6).

Ourprimaryobjectiveisnottooptimizeasimilaritycriterion,but to recoveranatom-
ically meaningfuldeformations.We have thereforeinvertedtheresulteddeforma-
tion �eld, andappliedit to the target image2 (Fig. 3.7). If the registrationresult
is valid, we shouldobtaina resampledimagethat is closeto the sourceimage.
Figure3.7 shows that this is not thecasewith the �uid registration: besidelarge
resamplingartifacts,theinvertedtransformationhasalmostcompletelyeliminated
theputamensof thebrain (i.e. reducedto a fractionof a voxel). This leadsus to
concludethat, in thegeneralcase,�uid registrationdoesnot suf�ciently preserve
theanatomicalcoherency of the imagedorgans.Figure3.7 alsoshows that these
artifactsdonotoccurwith viscoelasticregistration.

Contraryto the �uid algorithm,an elasticregularizationmay prevent algorithms
fromrecoveringlargedeformations,but it isabletoenforceanapriori constrainton
theshapesin theresampledresultimage.Figure3.8presentstheresultof anelastic
registration,which canbecomparedwith theresultof our visco-elasticalgorithm.
By comparingwith theregistrationtarget,onecannoticethat,by eliminatingthe
�uid regularizationthroughcon�dence-basedweightingof thecorrection�eld, the
algorithm is lessable to recover the large shapedifferenceof the ventricles. A
similar resultwasobtainedwith auniformcon�denceequalto 1.0.

We believe that this is dueto the noisein the imageintensities,generating“ran-
dom” valuesof thecorrection�eld in uniformintensityareas:astationarysmooth-
ing tendsto averageout to zerothe�eld in theseareas,andalsoreducesthecorrect

2Suchan inversionof the deformation�eld is needed,for instanceto propagateatlaslabelsto
patientimageswhentheseimagesareregisteredinto thegeometryof theatlas.
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(a) Source image (axial
view).

(b) Target image (axial
view).

(c) Resampledsourceim-
ageafter registration(ax-
ial view).

(d) Deformation. (e) Contoursbeforeregis-
tration.

(f) Contoursafterregistra-
tion.

Figure3.3: Secondexperiment.The �gures show thesameaxial view for all im-
ages. The upperand middle white arrows underlinetwo partsof the ventricles
wherethesourceandtarget imagesareparticularlydifferent. Thelower white ar-
row points to a hole in the skull skin in the sourceimage(Fig. a). This hole is
causedby surgery andis not presentin the target image(Fig. b). However, after
registration,the holewaspreserved in the resampledimage(Fig. c). We believe
that this is the right behavior, sincethe hole canbe considera part of the image
anatomy. Thetransformation(Fig. d) is invertibleandsmooth.Figurese andf al-
low to examinemorecloselythequalityof theresult,by comparingtargetcontours
superposedon thesourceimagebeforeandafterregistration(Fig. eandf).
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(a) Source image (axial
view).

(b) Target image (axial
view).

(c) Resampledsourceim-
ageafter registration(ax-
ial view).

(d) Deformation. (e) Contoursbeforeregis-
tration.

(f) Contoursafterregistra-
tion.

Figure3.4: Third experiment:thealgorithmis ableto compensatevery largevari-
ationsof theshapeof theventricles.Theresampledimage(Fig. c) is verycloseto
thetarget image(Fig. b), despitevery largeinitial anatomicaldifferences(Fig. e).
Thetransformationis smoothandinvertible(Fig. d).
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(a) Targetimage. (b) Resampledimage af-
ter viscoelastic registra-
tion. SSD = 2:7 � 106

(c) Resampled image
after �uid registration.
SSD = 1:3 � 106

Figure3.5: Fluid vs. viscoelasticregistration: the resampledimageobtainedby
�uid registration(Fig. c) is slightly closerto thetarget(Fig. a) thantheresampled
imageobtainedthroughviscoelasticregistration(Fig. b). Thesimilarity criterion
(namelytheSSD)hasclosevaluesin bothcase.

displacementsaroundthe edges.Thus,we observe an excessive adhesivenessof
uniformregionsthatpreventtheedgesfromachieving theircompletedisplacement.
Onthecontrary, anon-stationaryregularization“extrapolates”thedisplacementof
theedgesto theunreliableuniformareas,leadingto afasterandmoreaccuratecon-
vergence.Thiseffect is con�rmed by a10%increasein thenumberof iterationsif
no �uid regularizationis usedor if it is stationary.

Thesolutionweproposein thischapteris hybridbetweenelasticand�uid registra-
tion. It composesthecorrection�eld with thedisplacementratherthanaddingit,
andtheregularizationof thecorrectionfollowsa�uid model.However, wechoose
to performa selective elasticregularizationin theareaswhere,dueto anatomical
reasons,thedisplacementof neighboringvoxelsshouldbecoherent.This enables
us to inject in the algorithmsomea priori informationto constrainthe deforma-
tions.

3.3 Pathology-awareregistration for 3D conformal radio-
therapy planning

Warpinga digital atlastoward a patientimageallows the simultaneoussegmen-
tationof severalstructures.This is of greatinterestfor cerebralimages,sincethe
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(a) The transfor-
mation obtained
through viscoelastic
deformation is
smooth.

(b) The �uid defor-
mation�eld is rather
irregular.

(c) Viscoelastic
registration: the
Jacobian has more
moderate values
(jj log J jj < 3:24).

(d) The Jacobianof
the transformation
has extreme values.
(jj log J jj < 20:46).

Figure3.6: Fluid vs. viscoelasticregistration: �uid registrationresultsin a dis-
placement�eld (Fig. b) that is lesssmooththat the one obtainedthroughvis-
coelasticregistration(Fig. a). This leadsto extremevaluesof theJacobianof the
�uid transformation(Fig. d), re�ecting largevolumecontractionsandexpansions.
For comparison,theJacobianof the transformationobtainedthroughviscoelastic
registrationindicatesmuchlowervolumecontractions/expansions, whichre�ect in
moremoderatevaluesof its logarithm(Fig. c).

48



(a) Source image
J . The putamenis
barely visible (see
whitearrows).

(b) Viscoelastic I �
T � 1 : the putamen
staysin place.

(c) Fluid I � T � 1 ex-
hibits resamplingar-
tifacts; the putamen
disapeared.

Figure3.7: Fluid vs. viscoelasticregistration:thetransformationwasinvertedand
appliedto thetargetimage.Ideally, theresampledimageshouldbeidenticalto the
source(Fig. a). However, this is far from beingthe casein �uid registration: a
large partial volumeeffect appearedaroundthe ventricles,andthe putamensim-
ply disappeared,asshown by the white arrows (Fig. c). For comparison,these
problemsdonotoccurwith viscoelasticregistration(Fig. b).

(a) Registrationtarget. (b) Result using the
con�dence-weighted
elasticregularization.

(c) Resultusingauniform
�uid regularization.

Figure3.8: Elasticregistration:without �uid regularization,thealgorithmis less
ableto recover the large shapedifferencebetweenthe two brains. White arrows
show a lower ability of the elasticalgorithmto recover deformationsaroundthe
ventriclesandtheskull.
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braincontainsalargenumberof smallbut importantstructures(opticalnerves,grey
nuclei,etc.). As we saw in Chapter1, oneimportantapplicationis theconformal
radiotherapy of cerebraltumors,whereaprecisedelineationof all thesestructures
is required.However, in thiscase,thevariability inducedby thetumoror asurgical
resection,thatarenot presentin thedigital atlas,preventsanaccurateregistration
betweenthe atlasand the patientimages. Sinceour registrationmethodallows
to locally control theamountof regularization,we areableto explicitly introduce
thoseareasin thewarpingprocess.

3.3.1 Pathologysegmentation

In orderto obtaina priori informationon the tumor andthe surgical resectionto
guidetheatlasregistration,wehave to segmenttheseregionsin thepatient's brain.
In experiments,we have usedmethodsdevelopedby Commowick (2003)for au-
tomaticallydelineatingrespectively thesurgical resectionandthetumor. Theseg-
mentationalgorithmmainly usestheinformationof thejoint histogramof T1 and
T2 MR imagesof the patientand a region-basedlabeling to computea binary
maskof thepathology. Theentiremethod,producinga binarymaskof thetumor,
is summarizedin AppendixB.

3.3.2 Using a-priori anatomical information about the patient

As for every registrationalgorithm,our methodassumesthat the chosensimilar-
ity metric describesa meaningfulcorrespondencebetweenthe two images.This
assumptionis of courseviolatedwhenthepatientimagecontainsadditionalstruc-
tures,suchastumorsor resections.Sincethereis no correspondentin theatlasto
each“pathological”voxel in thepatientimage,we remove the in�uence of these
voxels from thesimilarity metric,or moreef�ciently settheir con�dencek(p) to
zero.As aconsequence,thecorrespondencesin thisareawill bedeterminedby in-
terpolationfrom non-pathologicalneighboringvoxels,for which correspondences
canbereliablyestimated.

Whenperformingthecon�dence-weighted�ltering of unreliablematches,we as-
sign a null con�denceto eachvoxel inside the pathology. Sincewe specify the
con�denceinsidethesourceimage,we usethepatientimageasthesource.After
registration,we inversethe transformationin orderto resampletheatlaslabelsin
thegeometryof thesubjectimage.

50



3.3.3 Experimental results

Our testdatasetcontains22 T1-weightedMR imagesof differentpatients.After
a preliminaryrigid registration,the imagesareresampledinto theatlasgeometry
andtheir sizesare256� 256� 60.

Thepathologysegmentationtakesbetween1 and3 minute,andthenon-rigidregis-
trationtakesabout4 minutesonaclusterof 15personalcomputers(2GHzPentium
IV processors,1GB/snetwork), whichamountsto a total computationtimeof 5 to
10 minutes(seeChapter5). Thewholedatabasehasbeenprocessed.Resultshave
beenvisually inspectedby a radiotherapist,andappearsatisfactory.

Figure3.9shows theatlasusedfor theregistration,andits segmentation.Theatlas
hasbeenregisteredwith a patientimagepresentinga large tumor. Thepathology
hasbeenautomaticallysegmented.If thetumorisnottakenintoaccountin thenon-
rigid registration,thedisplacement�eld is biasedby thetumor. This resultsin an
erroneoussegmentationof theright lenticularnucleusandlateralventricle.Taking
into considerationthe pathologyendsup in an interpolateddisplacement�eld in
thetumorarea.Therefore,thecorrespondencesaroundtheright lenticularnucleus
andlateralventricleareno longerbiased,which leadsto abettersegmentation.

In Figure3.10,we presentanexamplewherethepatientbrainhasa largesurgical
resection,thatwe segmentedusingthealgorithmof AppendixB. A simplenon-
rigid registrationis not able to follow the contourof the cerebellum. If we use
theresectionsegmentationin our algorithm,thesegmentationis thecerebellumis
largely improved.

3.3.4 Numerical quanti�cation

Testingthe quality of a registrationalgorithmfor a given applicationis an open
problem. However, testingthe quality of a segmentationis morestraightforward
whenexpert segmentationsareavailable. We thereforechoseto evaluatethe re-
sultingsegmentationratherthantheregistrationitself.

Wetestedtheproposedalgorithmby registeringsix patientimagestowardsourat-
las.For eachpatientimage,theatlassegmentationof thebrainstemwasdeformed
into the patientgeometry, andcomparedto manualsegmentationsperformedby
sevenclinical experts.TheSTAPLE (SimultaneousTruth andPerformanceLevel
Estimation)algorithmproposedby War�eld etal. (2004a)wasusedto numerically
evaluatethespeci�city andsensitivity of theautomaticsegmentationsof thebrain
stemwith respectto the expert segmentations.The purposeis to verify that the
speci�city andsensitivity offeredby theatlasregistrationalgorithmareat leastas
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Figure3.9: Segmentationof a patientimagecontaininga large tumor. (a) Atlas
MRI. (b) Atlas segmentation.(c) Patientimage,with largetumor. (d) Tumorseg-
mentation.(e)Recovereddeformation�eld without takingthetumorinto account:
theregistrationis in�uencedby thetumor. (f) Resampledatlaslabelswithout us-
ing thetumorinformation:thesegmentationfails locally (seeblackarrows) dueto
the tumor. (g) Recovereddeformation�eld whentaking the tumor into account:
if thetumoris taken into account,thedisplacement�eld is interpolatedinsidethe
tumor area. (h) Resampledatlaslabelswhen using the tumor information: the
introductionof thetumorinformationleadsto a morerealisticsegmentation.

a b c d

Figure3.10:Segmentationof apatientimageshowing abraintumorresection.(a)
Patientimage.(b) Resectionsegmentation.(c) Resultproducedby asimpleregis-
tration,unawareof theresection.(d) Resultproducedby ouralgorithm,exhibiting
amorerealisticsegmentationof thecerebellum(seewhitearrows).
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Table3.1: The reliability of the seven expertsandof our atlasregistrationalgo-
rithm. The tableshows the speci�city andsensitivity of eachexpert / algorithm,
andtheir ranks.Higherspeci�city / sensitivity andlower ranksarebetter.

Speci�city Speci�city rank Sensitivity Sensitivity rank

Expert1 0,841 4 0,941 3
Expert2 0,852 3 0,859 7
Expert3 0,789 6 0,905 5
Expert4 0,325 8 0,988 1
Expert5 0,693 7 0,981 2
Expert6 0,860 2 0,870 6
Expert7 0,900 1 0,909 4

Averageexpert 0,751 0,922
Our algorithm 0,813 5 0,839 8

goodastheonesachievedby theclinical experts.Furthermore,we would like the
resultsto bereproducible,sothatwecanprovide a reasonableguaranteeof result.

Thesensitivity andspeci�city measuresachieved by sevenexpertsandoneregis-
trationalgorithmonsix patientsrepresentalargeamountof information.Thus,we
choseto presenttwo indicatorsthatseemmoreappropriateto us:

� Thereliability of anexpertor algorithmrepresentsits averagespeci�city /
sensitivity on apopulationof patients.

� Theunpredictability of anexpertor algorithmrepresentsthestandarddevi-
ationof thespeci�city / sensitivity on a populationof patients.Discussions
with physiciansshowed us that this indicator is importantin practicaluse:
a lower unpredictabilitymeansthattheworstcasescenarioof thealgorithm
failing completelyis lesslikely to happen3.

Table3.1 presentsthe reliability of the expertsandthe registrationalgorithm. It
shows thatouralgorithmshasaslightly higherspeci�city andaslightly lowersen-
sitivity thantheaverageexpert.Boththespeci�city andsensitivity of thealgorithm
arecomparablewith theoneachievedby theexperts.

Table3.2 on the next pageshows the unpredictabilityof the expertsandof our
algorithm.Again,theunpredictabilityof thealgorithmis comparablewith theone
of theexperts,andis lower thantheaverageexpert.

3Of course,analgorithmwith abadreliability andagoodpredictabilityis notdesirable:it would
bea “predictablybad”algorithm.
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Table3.2: The unpredictabilityof the seven expertsandof our atlasregistration
algorithm. The tableshows the unpredictabilityof the speci�city andthe sensi-
tivity of eachexpert / algorithm,andtheir ranks. Lower unpredictabilityon the
speci�city / sensitivity andlower ranksarebetter.

Speci�city Speci�city rank Sensitivity Sensitivity rank

Expert1 0,107 6 0,016 2
Expert2 0,108 7 0,148 8
Expert3 0,129 8 0,051 6
Expert4 0,090 3 0,013 1
Expert5 0,103 5 0,029 3
Expert6 0,093 4 0,084 7
Expert7 0,039 1 0,039 5

Averageexpert 0,096 0,054
Our algorithm 0,067 2 0,034 4

Thestatisticspresentedaboveshow thattheproposedautomaticregistrationmethod
givesresultsof a quality that is comparablewith theoneachieved by clinical ex-
perts.Furthermore,theresultsarereproduciblefrom onepatientto another.

The measurespresentedin this sectiondo not concernthe distancebetweenthe
contoursdrawn by ouralgorithmandtherealcontours.At this point,no measures
whereperformedaboutthis distance.However, visual inspectionshowed thatwe
areunderthe2mmlimit requiredby theapplication.

3.3.5 Discussion

In this section,we describeda non-rigid atlas to subjectregistrationalgorithm
aimedat automatinga brain imagesegmentationmethodfor conformalradiother-
apy. The main dif�culty consistsin the unpredictableandhugevariability intro-
ducedeitherby the tumor or the surgical resectionin the patientimage,that has
no correspondentin the digital atlas. Theseadditionalstructuresintroducefalse
matchesin thetransformation,andresultin alocalfailureof theregistrationaround
thepathology, thatmayalsoleadto errorsin theneighborhoodbecauseof thereg-
ularization. Our methodis basedon segmentingthe pathologyandreducingthe
con�denceof the voxels insidethe pathology. Lowering the con�dencein areas
containingpathologiesenablesusto computethematchesby interpolationin these
areas.

Resultsshow an improvementof the segmentationin the pathologyarea. In the
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nearfuture,wewill validatethismethodby comparingsegmentationsproducedby
algorithmto onesproducedby clinical experts.Weexpectthatourgrid implemen-
tation,presentedin Chapter6, will enabletheclinical userto transparentlyusethe
computingfacilities of our laboratory. We believe this will be very helpful dur-
ing thevalidation. Anotherfuture improvementis theuseof our segmentationas
ana priori for thepathologysegmentation.An iterationbetweenregistrationand
segmentationwill probablyresultin additionalaccuracy gains.
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Chapter 4

Anisotropic regularization

Thepreviouschapterintroducedanatomy-basedstiffnessinformationinto thereg-
istration. In a �uid algorithm,ableto estimatevery large deformation,theappli-
cationmay imposesomelimitations in order to locally preserve anatomicalco-
herency. Until now, the stiffnesshasbeennon-stationary(position dependent),
but isotropic:theproposedalgorithmcannottake into accountdirection-dependent
elasticconstraints.This chapterattemptsto bring suchinformationinto theregis-
trationprocess.

4.1 Intr oducinganisotropic regularization

4.1.1 Method

So far, during the optimizationprocess,the currentestimateof the displacement
�eld wascontinuouslyregularizedwith a nonstationarydiffusion using the heat
equation

@U
@t

= div(d r U)

Thespace-varyingd �eld representsthelocalstiffnessof thetissue:at somepoint
p, thebiggerd(p) is, thelessarelocal deformationsauthorized.In a multisubject
framework, the“stiffness”is rathervirtual, sincetheregistrationdoesnot recover
amechanicaldeformation.

Here,we attemptto go onestepfurther, andincorporatedirectionalinformation
into d. If we replacethis scalar�eld by a tensorone(denotedasD ), the elastic
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Figure4.1: Graphicalrepresentationof a 3 � 3 tensor: a 3D ellipsoid. Its ori-
entationis givenby theeigenvectors'coordinatesystem,while thecorresponding
eigenvaluesde�ne thesizealongtheseaxes.

regularizationcanbecomedirection-dependent. If D (p) is the tensorstiffnessat
pointp, its singularvaluedecompositionis

D (p) = (e1; e2; e3)
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aretheeigenvectorsassociatedto theeigenvalues� 1, � 2 and� 3. Thethreeeigen-
vectorsrepresenta coordinatesystemin the3D space:they have a normequalto
1 andareall perpendicularon eachother. Of course,eigenvectorsandeigenvalues
arepositiondependent.Throughoutthis chapter, we will usefor 3 � 3 tensorsa
commongraphicalrepresentation:the3D ellipsoid. Its orientationis givenby the
tensor'seigenvectors(whichareall perpendicularto eachother),andits sizesalong
thethreeaxesis givenby thecorrespondingeigenvalues.

In ananisotropicdiffusionframework, thethreeeigenvaluesrepresenttheamount
of diffusion alongthe axesrepresentedby their correspondingeigenvectors. We
candistinguishseverallevelsof complexity:

� The isotropic regularizationdescribedin Chapter3 can be describedas a
specialcaseof anisotropicdiffusion: all threeeigenvaluesareequalto the
local scalarstiffness,which is equivalentto thediffusiontensor

D (p) =

0

@
d(p) 0 0

0 d(p) 0
0 0 d(p)

1

A

This tensorcandescribeisotropicallydeformableobjects,suchasillustrated
in Chapter3.
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� One may alsoperform a regularizationthat is different (but uncorrelated)
alongeachaxisof theimagespace,leadingto ascalardiffusiond x (p), dy(p)
anddz(p) along,respectively, thex, y andz axes.Thisleadsto thefollowing
diffusiontensor:

D (p) =

0

@
dx (p) 0 0

0 dy(p) 0
0 0 dz(p)

1

A

This direction-dependent diffusionis simpleto implement,sincetheassoci-
atedlinearoperatoris separablealongthreeaxes.However, sincetheeigen-
vectorsare�x edto betheaxesof thecoordinatesystem,this tensordoesnot
carryenoughphysicalinformation:thereis no reasonwhy in thebrain(and,
moregenerally, in naturalobjects)structuresshouldbespeci�cally oriented
alongthex, y andz axesonly.

� In thegeneralcase,thethreeeigenvectorsrepresenta systemof coordinates
that is differentin eachpoint, andthe associatedeigenvaluesarethe diffu-
sivities along the axes of the system(accordingto Eq. 4.1). Anisotropic
stiffnessis useful if we want to speci�cally regularize1D or 2D imaged
structures.For instance,whenregisteringbrain images,it may be impor-
tant to ensurethe consistency of sulcal lines: voxels lying on a relatively
smoothsulcalline shouldbewarpedso that their �nal positionsdescribea
smoothsulcalline. Wewill thereforeconsiderfor eachvoxel onasulcalline
a tensorwhoseeigenvaluealongthelocal tangentto the line is muchlarger
thanthe two eigenvaluesalongtwo axesperpendicularon that tangent. In
othercases,wewill have to registerimagescontaininganatomicalstructures
with segmentedsurfaces.We would like thesesurfacesto bedeformedin a
smoothmanner, while giving thealgorithmthefreedomto deformtheimage
spaceanywhereelse.Weleave thetuningof thediffusiontensorfor thenext
section.

In Section4.2,we will usethis diffusion tensorin orderto preserve theshapesof
thestructuresof interestduringthedeformation.

4.1.2 Numerical implementation

After replacingthe scalarstiffness�eld d with a tensor�eld D , the regulariza-
tion stepconsistsin solving the following anisotropicdiffusionequationfor each
componentU� of thedisplacement�eld

@U�

@t
= div(D r U� )
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TheAdditiveOperatorScheme,aspresentedin Section3.1.4,is nolongervalid for
anisotropicdiffusion: theright handtermof theabove equationcanno longerbe
separatedinto 3 terms,eachcontainingthederivativesof U� alongthedirections
x, y andz. Equivalentschemeshave beenproposedfor anisotropicdiffusion(We-
ickert (1998);MrázekandNavara(2001)),but they separatethe diffusion along
many directions.

For simplicity, we decidedto implementour anisotropicdiffusion equationusing
anexplicit scheme,discretizedusing�nite differences.Althoughthis schemeim-
posessmalltimesteps,its computationtimecanbeconsiderablydiminished,since
aparallelimplementationis straightforward.

4.2 A thick membranemodel

Commonly, anatomicalatlasessuchas the oneusedfor the segmentationof the
centralgrey nuclei in deepbrainstimulationplanning,containanatlasMRI, and
the surfacesof the structuresof interestwhich weredelineatedby experts. The
displacementof thesesurfacesmustbe kept regular, while still allowing themto
deform.

In Chapter3, we showed that �uid registrationcan recover very large deforma-
tions,but theestimateddeformationdoesnot suf�ciently preserve theanatomical
coherency. In this section,we bene�t from thefact thatwe areonly interestedby
the surfacesof the structureswhich aresegmentedin the atlas,and we are less
interestedabouttheanatomicalcoherency anywhereelse.Wewantthesurfacesto
movefreely, behighly deformable,but alsohighly regular, in orderfor theirshapes
to be anatomicallycorrect. Therefore,we useasa startingpoint a �uid registra-
tion algorithm,which is highly deformable,andin whichweintroduceaminimum
level of elasticregularizationin orderto keepsurfacesregular. In essence,theidea
is to modelthedeformationof closedmembranes(representingthesurfacesof the
structuresof interest)in a �uid environment.The�uid candeformfreely, bothin-
sideandoutsidethemembrane.However, thedeformationof themembraneshould
staysmooth,in orderto preserve theshapeof theanatomicalstructureit represents.

Remark We authorizelarge deformations(a �uid behavior) insideeachmem-
brane.This amountsto the interior of thestructuresof interestdeformingfreely.
Therefore,theanatomicalcoherency is no longerenforcedinsidethesestructures.
This is not reallyannoying if, for theclinical application,wedonotuseknowledge
abouteventualsubdivisionsof the structuresof interest. In particular, this is the
casefor theplanningof the implantationof electrodesfor deepbrainstimulation,
wherewe areinterestedin pinpointingthevariousgrey nuclei.

60



4.2.1 Problempresentationon a syntheticexample

Figure4.2presentsa simpleexample:we wantto regularizea spheresurface,and
in thesametimeminimizethein�uence of blackvaluessurroundingthesphereon
theintensitiesof thespherevoxels. This situationis encounteredon thedisplace-
ment�eld, wherewewould like to regularizethesurfaceof asegmentedstructure,
but diminishthein�uence of surroundingareason it.

By applyingthekind of regularizationthat is performedin Chapter3 (strongand
uniform insidebrain tissues),the white bordersareaffectedby valuesin smooth
areas,andthereforedegraded.The�gure alsoshows theresultof anisotropicdif-
fusion,which doesnot regularizethe displacementsof voxels insideandoutside
thestructure.However, sincethebordersarethin andcontainrelatively few vox-
els, thediffusionstill takestoo muchinto accountpointssurroundingthemwhen
regularizingthedisplacementof thestructureborders.Thesignalis thereforestill
degraded.

A techniquecommonlyusedin imagedenoisingis thecoherenceenhancinganisotropic
diffusion. Theimageis diffusedeverywhere,exceptin areasthathave stronggra-
dients.Onthese“contours”,theimageis only diffusedin thedirectionsperpendic-
ular to theimagegradient,therebyavoiding to smoothout theimagedobjects.If u
is the(scalar)image,thestructuretensor�eld is de�ned asS = G � � (r ur uT ),
whereG� is theGaussianof standarddeviation � . Theeigenvectorcorresponding
to the largesteigenvalue of the structuretensorgives the directionof the largest
intensityvariation.In orderto enhancethecoherency of thecontours,thediffusion
tensorD nearthe edgesis built with a small eigenvaluealongthis largestinten-
sity variationdirection. Theothereigenvalues(in theplanelocally tangentto the
surface)arefairly large. In areasthat arenot on edges,all eigenvaluesarelarge,
which ensuresa large regularization.Theprocessthenconsistsin anisotropically
diffusing the imagewith the structuretensor @u

@t = div(D r u). For a review of
currentlyexisting anisotropicdiffusion techniques,we refer the readerto consult
Weickert (1997).

Thesolutionwe adoptto obtaina regular spherewithout lowering its intensityis
to anisotropicallydiffusethesphereimage.Thediffusiontensor(Fig. 4.3)is small
andisotropicinsideandoutsidethesphere.On thesurfaceof thesphere,theten-
sorsexhibit a largeanisotropy: Eigenvaluescorrespondingto thetwo eigenvectors
in the planelocally tangentto the spherearelarge, thusensuringthat the image
intensityon thesphereis regularized.The third eigenvalue,correspondingto the
normalto thespheresurfaceis small,therebypreventingtheimageintensityof the
sphereto beloweredby thein�uence of surroundingblackvoxels.
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(a) A slice of a white spheri-
cal thick surface on black back-
ground,affectedby 30%noise.

(b) The sphereimage was uni-
formly diffused, leading to a
degradationof the intensitiesof
spherevoxels.

(c) Only the thick surface was
isotropicallydiffused. The signal
is still degraded.

(d) Only the thick sphericalsur-
facewas diffused, in the tangent
plane.Thesignalis notdegraded.

Figure4.2: Regularizinganimageof a thick sphericalsurface(a). By performing
a uniform diffusion (b), the intensityof the pointson thesphericalsurfaceis de-
gradedby surroundingvalues.Evenif we isotropicallyregularizeonly thevoxels
that lie nearthe spheresurface(c), the intensityof thesevoxels is still lowered.
Anisotropicdiffusionweightedby thetensor�eld proposedin Section4.2.2regu-
larizesthespheresurface(d), without lowering the intensityon it. Note: in order
to make thespherevisible in theimages,thespheresurfaceis 6 voxelsthick.
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Figure4.3: Diffusiontensorsgeneratedfrom thespherestructureborders.Onthese
borders,they arelarge, rather�at andparallelto thesurface. They aresmalland
isotropicanywhereelse.Theimagewas“cut” on thevisibleside,in orderto allow
aview on thetensorsinsidethesphere.
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Algorithm 1 Regularizingstructureborders:computationof thediffusion tensor.
This algorithmmakesreferencesto Algorithm 2 on thefacingpage.
for eachvoxel p do

if p belongsto somesurfaceS (accordingto Algorithm 2) then
n = normalto thesurfaceof S in p (accordingto Algorithm 2)
e2 ande3 = two unit vectorsperpendicularonn andoneachother
� R = the“small” (residual)diffusion
� S = the(large)amountof diffusionon thesurface
the diffusion tensor has eigenvalues (� R ; � S; � S) and eigenvectors

(n; e2; e3) (Eq. 4.1)
else

thediffusiontensoris isotropicwith all eigenvaluesequalto � R

end if
end for

4.2.2 Regularizing structure surfaces

We wantto ensurethatthedisplacementsof thesurfacesof thestructuresof inter-
estdeformin a regularmanner, while theremainderof the imagedeformsfreely.
We modelthesurfacesof thesestructuresaselasticmembranesin a �uid environ-
ment. In orderto let thesesurfacesbehave ascloseaspossibleasmembranes(in
particularto let themslideover eachother),we regularizethedisplacementof the
surfacesof interestonly in their tangentplane.In doingthis,weproceedin aman-
nerthat is somewhatsimilar to thecoherenceenhancinganisotropicdiffusion,but
with threemajordifferences:First, our diffusion tensoris estimatedbasednot on
imageedges,but on thestructuresurfaces.Second,thetensoris usedto regularize
thedisplacement�eld, ratherthananimage.In ourapplication,weassumethatthe
regularizationof thethreedisplacementcoordinatesis independentandregularized
usingthesametensor. Third, like in thesphereexample,we performa very small
diffusion in areasthat arenot on the surfaces,ratherthana large one. This will
make our algorithmto behave in a very �uid mannereverywhereexceptthestruc-
ture surfaces.Therefore,the tensor�eld is computedusingthe simplealgorithm
1.

Let usapply this methodto theregistrationof an imageof a Parkinsonianpatient
with thesegmentedanatomicalatlas. Figure4.4 presentstheatlasT1-MR image
with superimposedstructures.Thesestructuresweremanuallydelineatedon his-
tologicalsections,andthenrigidly registeredin theMRI geometry. Thestructures
wereonly segmentedin theleft hemisphereof thebrain(usingradiologicalimage
alignmentconventions,theleft hemisphereis ontheright sideof theimagein axial
andcoronalslices).In orderto segmenttheotherhemisphere,thepatientimageis
mirroredw.r.t. thesagittalplane.

Figure4.5 presentsa detailof theatlasMRI. Therearetwo interestingaspectsin
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Algorithm 2 Testingif a point p belongsto a surfaceS and,if yes,computesthe
normaln to thesurface. This algorithmis not optimal,sinceit doesnot allow to
determinethin surfaces.
let M beabinarymaskof theinteriorof S
let gr ad(M ) bethegradientimageof M , andkgr ad(M )k its norm
let gmax beausersuppliedgradientthreshold
if kgr ad(M )k > gmax then

p belongsto thesurfaceS
n = gr ad(M )=kgr ad(M )k

else
p doesnotbelongto thesurfaceS

end if

Figure4.4: AtlasT1-MR imagewith somesuperimposedstructures.
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Putamen

(a)Atlasdetail: somebordersof thegrey nu-
clei (e.g.putamen)arebarelyvisible.

inside
Contour

ventricle

(b) Atlas detail with somestructures:due
to a missregistrationof histologicalsections
towardsatlas,somebordersof the nucleus
caudatusareinsidetheventricle.

Figure4.5: A detailof theatlasMRI exhibitssomeatlasissues:theedgesof some
structures(e.g. the putamen)arebarelyvisible (left); contoursyieldedby expert
segmentationon histologicalsectionsareslightly misplaceddueto a minor rigid
misregistrationbetweenthehistologicalsectionsandtheMRI (right).

this �gure: �rst, theatlasMRI is a post-mortemone,with a very low white mat-
ter/grey mattercontrast,andthusthebordersof thegrey nucleiaresometimesnot
distinguishable;second,the rigid registrationbetweenthe MRI andthe stackof
histologicalsectionswasnot alwaysperfect,which makesthe bordersof the nu-
cleuscaudatusslightly penetrateinsidetheventricle.We arecurrentlyaddressing
theseissues.

In the following experimentwe only usedtwo structures:the nucleuscaudatus
andtheputamen.A tensor�eld wascomputedbasedon thebordersof thesetwo
structuresaccordingto Algorithm 1 (Fig. 4.6).As in thesyntheticexample,on the
surfacesof thestructurestensorsarequasi-planarandparallelto thesurface.They
areisotropicandvery smallanywhereelse.For theplanartensors,thetwo “large”
eigenvaluesareabout100timeslargerthatthesmallone.

Figure4.7shows acomparisonbetweenthetargetimage(atlas)andtheresampled
source(patient)image. The two imagesarevery close,which is a characteristic
of �uid registration. However, anothercomparisonwith �uid registration(Fig.
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(a) Norm of the tensor�eld super-
imposedon a cropof thetarget im-
age.

(b) Ellipsoid representationof thetensor�eld. The
visualizationrepresentsonetensoreverysix voxels.

Figure4.6: Tensor�eld computedbasedon the bordersof the nucleuscaudatus
andtheputamen.Onstructureborders,tensorsarequasi-planarandparallelto the
surface(thetwo “large” eigenvaluesareabout100timeslargerthatthesmallone).
They areisotropicverysmallanywhereelse.
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(a) Zoom of the patientim-
age(usedas the sourceim-
agein theregistration).

(b) Correspondingzoom of
the resampledimage(to be
comparedto theatlasimage
(c)).

(c) Zoomof theatlas(target
imagein theregistration).

Figure 4.7: Registration result using the proposedanisotropic regularization
methodonthesurfacesof theputamenandthenucleuscaudatus:After registration,
thepatientimage(a)wasdeformedinto thegeometryof theatlas.This resampled
image(b) is very closeto the target atlasimage(c) despitethe sourceimage(a)
beingverydifferent.

4.8)shows thattheintroductionof our regularizationmethodgreatlyimprovesthe
regularityof segmentedsurfacesafterdeformation.

4.2.3 Discussion

The regularizationmethodpresentedin this sectionintroducesin the �uid regis-
trationaminimumlevel of regularizationin orderto preserve thecoherency of the
surfacesof desiredstructures.This is doneby modelingthesesurfacesaselastic
membranes,andlet the remainderof the image(interior andexterior of the sur-
faces)behave like a viscous�uid. In orderto achieve this effect, we replacethe
isotropicregularizationby ananisotropicone: closeto thestructuresurfaces,the
diffusion is high, anisotropicandparallel to the surface; it is isotropicandvery
small anywhereelse. The main advantageof this methodis that it gives to the
structurestheability to deformandto move with respectto eachother, while still
keepingtheir surfacesregular. This allows usto cumulateadvantagesof �uid and
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Figure4.8: Thesegmentationof theputamenandnucleuscaudatus.Thecontours
(a)aresmoothcomparedto theonesobtainedthrough�uid registration(b).

elasticregistration: the resampledimageis very closeto the target (as in �uid
registration),andthedeformedsurfacesareregular(asin elasticregistration).

Our experimentunderlinedsomeissuesremainingto be solved in our approach.
The main problemcomesfrom the relative lack of contrastof the centralgrey
nuclei: theintensitiesin thetwo imagesdonotseemto provideenoughinformation
on the bordersof somenuclei. The lack of contrastis particularlyacutein the
atlasimagewhich wasacquiredpost-mortem,andthusexhibits an exceptionally
low white matter/ grey mattercontrast.Futurework will have to concentrateon
increasingthe contrastof the grey nuclei. We envision two possiblesourcesof
additionalinformationthatcanbeusedto matchthesenuclei:

1. One could usethe informationof the segmentedstructuresin the atlasin
orderto compensatefor the lack of contrast.This mayallow to arti�cially
enhancethecontrastof theatlasMRI nearthesurfaces.

2. If morethanoneimagemodality is availablefor both theatlasandthepa-
tient image,a classi�cationmethodsimilar to theonepresentedby Dugas-
Phocionet al. (2004) (basedon a multi-modality EM algorithm)could be
usedin orderto obtainfuzzymapsof whiteandgrey matter. Webelieve that
thesemapsprovide morereliableinformationthantheraw imageintensity.
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Chapter 5

Parallelization

Previouschaptersdescribeda non-rigidregistrationalgorithmthat is ableto real-
istically model the deformationsof non-homogeneousorgans,suchasthe brain.
In order to estimatemorerealisticdeformationsof theseorgans,the modeluses
a priori knowledgeabouttheir deformability. The algorithmusesa densetrans-
formationmodelthatis ableto describe�ne localdeformations.Thesemi-implicit
AdditiveOperatorSchemeusedto performthenon-stationaryGaussianregulariza-
tion insuresa relatively low computationtime (several tensof minutes,depending
ontheimagesize).However, in hospitals,timeis expensive in humanand�nancial
terms.Ideally, theregistrationshouldonly adda time that is smallwith respectto
the total amountof time requiredby the medicalintervention. After discussions
with physicians,weestimatedthatthecomputationshouldtakeno longerthan� ve
minutes.Thiswouldbringthecomputationtimedown to a“humantime”1 of afew
minutes.

The purposeof this chapteris to presenta methodthat acceleratesthe algorithm
without compromisingon its accuracy or its robustness.We want to drastically
reducethe computationtime while executingrigorouslythe samealgorithmthat
wasdescribedin thepreviouschapters.Sincethereareno miraclewaysto make
a microprocessorexecutethe samecomputationsin much lesstime, we useda
parallelcomputerwith severalmicroprocessorsto performtheregistration.

Thischapterbeginsby aquickpresentationof parallelcomputingandhow wecan
make thebestuseof it in orderto solve our registrationproblem(Section5.1.1).
In Section5.2,weprovideaglobalview of theparallelimplementation.Following
sectionsdetailtheparallelizationof thealgorithm.

1We think a goodestimateof how mucha userwantsto spendwaiting for a programto �nish is
givenby thedurationof a coffeebreak.Writing ane-mailis anotherreliableestimate:-)
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5.1 A brief overview of parallel computing

5.1.1 Parallel architectures

Technologydivides parallel computersinto two main classes,dependingon the
way themicroprocessorssynchronizewith eachother:

� In shared memorycomputers, all microprocessorshave a randomaccessto
thesameinternalmemory. They sharea commonmemoryspace,in which
any processorcanaccessdatain a transparentmanner, basedonly on the
memoryaddress.

� Distributedmemorycomputers containmicroprocessorsthathave their own
privatememory. No processorcanhave a direct accessto the memoryof
any otherprocessor, and thereis no commonaddressspace. Instead,the
processorsare connectedby a communicationnetwork. Synchronization
is doneby communication:one processorsendsdata,while anotherone
receivesit. Thefunctionalunit containingtheprocessor, its memoryandthe
network interfaceis commonlycalledanode2, or simplyaprocessor.

Thetwo technologieshave theirown advantagesanddrawbacks.Sincethey havea
commonaddressspace,sharedmemorycomputersareeasierto program:all pro-
cessorshaveaccessto all thevariablesin theprogram.However, it is dif�cult for a
singlememorychipto simultaneouslyprovidedatato many processors.This tends
to make sharedmemorycomputersinef�cient for memoryintensive applications
like ours. Technologicalsolutionsto avoid this memorybottleneck exist, but they
are�nancially veryexpensive. On thecontrary, distributedmemorycomputersare
moreef�cient for memoryintensive applications:eachmemoryonly “talks” to its
own processor. However, synchronizationbetweenprocessorsis muchharderto
manage,asthereareno sharedvariablesandthe programmerhasto useexplicit
datacommunicationsbetweenprocessors.Thesecommunicationsareeasierto de-
scribeif thealgorithmhasa regularstructure:it useslarge vectorsof datawhich
areprocessedin asimilarmanner.

Theregistrationalgorithmdescribedin thepreviouschapterusesa lot of memory,
but is ratherregular. The algorithmicoperationsperformedin order to estimate
thetransformationat eachpointareidentical3. Thisenablesusto useadistributed
memorycomputer. Themachinethatwe usedis a widespreadmodel:a clusterof
workstations. It consistsof severalworkstations(they canbePC's,Mac's or Unix
workstations)linkedtogetherthrougha Local AreaNetwork (LAN). This setupis
commonin laboratoriesandhospitals.

2Onecanimaginea distributedmemorycomputerasa graphwherea network edgelinks each
pair of computationalnodes.

3With minorexceptionson theborders.
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5.1.2 The Single-Program-Multiple-Data programming model

Fortunately, theprogrammerof a distributedmemoryparallelcomputerdoesnot
have to explicitly describetheactionsof eachof its nodes.In theSingle-Program-
Multiple-Datamodel,all nodesexecutethesameprogram,but theirbehavior changes
dependingon the local valuesof internalvariables.Oneimportantvariableis the
rankof thenode,anintegerthatuniquelyidenti�es eachnodeinsideacluster. For
simplicity, we considerthe rank to be in the range0: : : number of nodes� 1.
We call the nodewith rank 0 the masterof the cluster. Althoughnothingdistin-
guishesthis processorfrom its fellows, it is by conventionthe onethat performs
somespecialoperations,like consoleor �le inputandoutput.

Processorscancommunicatethecontentsof internalvariables.The communica-
tion is donethroughmessages that are sentby one processorsand receivedby
another. Sendandreceive operationsmustcorrespondto eachother. Sometimes
a nodehasto sendthe contentsof a variableto all the othernodes.We call this
operationa broadcast. For instance,it is commonfor themasternodeto readthe
inputdatafrom a �le andthenbroadcastit to theothernodes.

Many times the internalvariablesare large arrays. If parallelismis achieved by
having eachprocessoruseor computea partof theelementsof suchanarray, it is
interestingto distribute thearrayto thenodes.Themannerin which theelements
aredistributedis calledthedatadecomposition. If initially all elementsof thearray
areon thesamenode,they mustbescattered to theothernodesin orderto obtain
adistributedarray. Conversely, theelementsof adistributedarraycanbegathered
to obtainaconventionalarrayinsidethememoryof anode.

5.2 The parallel structur eof the algorithm

Perhapsthemostimportantthing in creatinga parallelalgorithmis to establisha
datadecompositionof thevariousdataarraysthat thealgorithmuses.This deter-
minesin anessentialmannerthepatternof communicationbetweenthenodes.At
thebeginningof thealgorithm,thespatialsupportof thetransformationis cut into
subdomains,consistingin parallelstacksof slices,thataredistributedto theavail-
ableprocessors(Fig. 5.1). Sincetheprocessingnodesonly computethedisplace-
ment�eld at thevoxelsof theirown subdomain,thecorrection�eld is decomposed
in thesamemannerasthedisplacementone.

Thanksto theirrelatively smallsize,thetwo inputimagesmaybemaintainedin the
memoryof eachnode.Sinceat eachiterationthesourceimageis resampledwith
ana priori unlimiteddisplacement�eld, thesourceimagehasto beentirelymem-
orizedby eachnode.However, if theSSDsimilarity criterionis used,a processor
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Figure5.1: Thedatadecompositionof thedisplacementandcorrection�elds with
6 processors.

Proc. 1 Proc. 2 Proc. 3 Proc. 4 Proc. 5 Proc. 6
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z
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computinga certainvectoru(p) of thecorrection�eld at a point p only needsthe
valueof thetargetimageI (p) in thesamepointp. In thisparticularcase,thetarget
imagecanbedistributed.

Fromanalgorithmicpointof view, wecandistinguish3 logicalpartsin ourmethod:
thecomputationof thegradientof thesimilarity criterion; thecompositionof the
displacementandcorrection�elds; theGaussian�ltering (requiredto computethe
gradientof thesimilarity criterion);andtheAOS-basedregularizations.

Theestimationof thegradientof theSSDat onevoxel requirestheresamplingof
thesourceimageandthecomputationof thegradientof theresultingimage.The
resamplingcanbedoneindependentlyin eachsubdomainsinceprocessorsknow
bothimagesentirelyandthetransformationof their subdomain.

5.3 Parallel compositionof displacement�elds

As we have seenin Chapter2, oncea small correction�eld hasbeenestimated,
it is composedwith the currentdisplacement�eld. This raisesan issuein the
parallelimplementation:boththecorrectionanddisplacement�eld aredistributed
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amongtheprocessors.Thetrivial solutionis to gatherthetwo �elds on processor
0, make it performthe composition,andthenscatterthe composed�eld backto
theprocessors.Thisalgorithmis however inef�cient, for two reasons:

1. Eachof the �elds is fairly large. For instance,if the size of the images
to register is a typical 256 � 256 � 120, the total sizeof the two �elds is
180MB.

2. Even whenusinga simpletrilinear resampling,the compositionitself is a
demandingcomputation,whichconsistsin morethan70�oating pointoper-
ationsfor eachvoxel.

Therefore,we would like to perform the compositionin parallel,without redis-
tributing data.Let usrecallthatthecompositionof thetwo �elds is

(U � u)(p) = U(p + u(p)) + u(p)

In our datadecomposition,a processorowning thevoxel p hasto accessthecor-
rection�eld u at thevoxel p, anddisplacement�eld U at thevoxel p+ u(p). If the
sizesof the correctionvectorswereunlimited, the communicationpatternwould
be very complex, aseachprocessorwould have to explicitly requestpartsof the
deformation�eld thatareownedby theotherprocessors.However, weguaranteed
in Section2.2.3 the invertibility of the recoveredtransformationby limiting the
size(in voxels) of eachcomponentof the correction�eld at eachiterationto the
interval (� 0:5; 0:5). This impliesthat,in orderto computeU(p+ u(p)) usingatri-
linearresampling,aprocessoronly hasto know thedisplacement�eld U in points
that are neighbors of p on thegrid. Theparallelcompositionof the two �elds is
straightforward:

1. Eachprocessorscommunicatesto its neighborsthedisplacementvectorsof
U lying on the one-voxel-wide bordersof its domain. At the end of this
communicationstep,if aprocessorhasapointp in its domain,it alsoknows
thedisplacement�eld in all neighborsof p.

2. As thecomponentsof u(p) arelimited in sizeto 0:5, eachprocessorcannow
computeU(p + u(p)) + u(p) for all pointsp of its domainusinga trilinear
resampling.
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5.4 Parallel Gaussiansmoothing

Althoughtheregularizationis implementedusinganAOS-baseddiffusion,Gaus-
sian�ltering is still neededby thealgorithmin orderto computethegradientre-
quiredby thederivative4 of thesimilarity criterionr SSD = (J � T � I ) r (J � T).
Indeed,whencomputingthisderivativeof thesimilarity criterion,it is importantto
avoid local minima. Sincethederivative of an imagecontainingnoiseis affected
by thatnoise,weneedto computeasmoothgradientr (J � T) of thesourceimage.
Therefore,we have to parallelizeanimplementationof theGaussian�ltering.

Thereareat leasttwo ways to reducethe computationtime whenconvolving a
three-dimensionalimagewith a three-dimensionalGaussian.First, onecantake
advantageof the separability of the three-dimensionalGaussian5: convolving an
imagewith it amountstosuccessively convolving theimagewith threeone-dimensional
Gaussianswith thesamestandarddeviation. If weconsideraGaussianof standard
deviation� asapproximatelynull outsidethe[� 3� ; 3� ] interval, thecorresponding
Gaussian�lter consistsin convolving theimagewith acubicalkernelof size(6� )3.
If thevoxelsareof size1 � 1 � 1, this amountsto (6� )3 multiplicationsfor each
voxel. This high dependenceof the computationtime on the standarddeviation
of theGaussian,henceon the level of regularization,is highly penalizing.How-
ever, a onedimensionalGaussian�lter with thesamestandarddeviation consists
in convolving theimagewith a linearkernelof size6� . By takinginto accountthat
theimageis �ltered threetimeswith one-dimensionalkernels,thisamountsto 18�
multiplicationsfor eachvoxel, andthereforealinearvariationof thecomputational
complexity with theamountof regularization.

Second,Deriche(1992)proposedto replacetheconvolutionwith aGaussiankernel
by a recursive approximation,which achievesa computationtime for eachvoxel
thatis constantwith respectto thewidthof theGaussian. In thissection,webegin
by recallingthis algorithm,proposetwo parallelimplementations,and�nish by a
comparative analysisof their respective algorithmiccomplexities.

5.4.1 The sequentialrecursive algorithm

In this section,we recall the recursive implementationof the Gaussian�ltering,
asestablishedby Deriche(1992). It will serve asa basisto establishtheparallel
algorithm. The main advantageof this algorithmis that, unlike the convolution,
thecomputationtime doesnot dependon thestandarddeviation of theGaussian.
This timedependslinearlyon theimagesize.

4In practice,we convolve with thederivative of theGaussian,but theparallel�ltering algorithm
is thesame.

5Thispropertyis valid for any numberof dimensions.
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In onedimension,theGaussiancanberepresentedby a non-causal�lter 6. Since
a non-causal�lter cannotbe implementedin a recursive manner, the algorithm
consistsin applyingonecausal7 andoneanti-causal8 �lter: assumingh(j ) to be
theimpulseresponseof theGaussian,it is split into acausalpart

h+ (j ) =
�

h(j ) if j � 0
0 if j < 0

andananti-causalpart

h� (j ) =
�

0 if j � 0
h(j ) if j < 0

By minimizing themeansquareerrorbetweentheresultof fourth orderrecursive
�lters, andtheresultof equivalentGaussian�lterings, thealgorithmpre-computes
thecoef�cients � j , � j , 
 j and� j of two fourthorderrecursive �lters, dependingon
therequiredstandarddeviationof theGaussian.Then,thefourthordercausal�lter
(5.1) is appliedforwardsandthe correspondinganti-causal�lter (5.2) is applied
backwards.

out+i =
j < 5X

j =0

� j in i � j +
j < 5X

j =1

� j out+i � j (5.1)

out�i =
j < 5X

j =0


 j in i + j +
j < 5X

j =1

� j out�i + j (5.2)

The �ltered versionof the signal is obtainedby taking the sumout+ + out� of
thesignal�ltered by (5.1) and(5.2). In moredimensions,onetakesadvantageof
theseparabilitypropertyof theGaussian,andsuccessively �lters theimagealong
all directions. Whenapplyingthe �lter to someimagein a certaindirection,the
imageis decomposedinto linesalongthatdirection. Throughoutthis chapterwe
will call thelinesalongtherecursive �ltering directionscanlines. Eachscanlineis
consideredasanone-dimensionalsignalthatis �ltered independentlyof theothers
usingtheforwardsandbackwardsscheme(Algorithm 3).

6A �lter whoseoutput value at the currenttime dependsnot only on the input valuesat past
moments,but alsoon theinputvaluesat futureinstants.

7Theoutputvaluesof a causal�lter dependonly on theinputvaluesatpastmoments.
8Conversely, theoutputvaluesdependonly on theinputvaluesat futuremoments.
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Algorithm 3 Recursive Gaussian�ltering.
computethecoef�cients � j , � j , 
 j and� j dependingon �
for eachdirectiond 2 f x; y; zg do

for eachscanlinel alongd do
// �lter forwards
for eachpoint i in l in increasingorderdo

//Eq.(5.1)
out+i :=

P j < 5
j =0 � j l i � j +

P j < 5
j =1 � j out+i � j

end for
// �lter backwards
for eachpoint i in l in decreasingorderdo

//Eq.(5.2)
out�i :=

P j < 5
j =0 
 j l i + j +

P j < 5
j =1 � j out�i + j

end for
// write theresultbackinto theline l
for eachpoint i in l do

l i := out+i + out�i
end for

end for
end for

5.4.2 The border sendingalgorithm

We presentbelow thecaseof a scalarimage.For a vector�eld, theoperationhas
to be repeatedfor eachof its components.The Gaussian�lter is separable,so
convolving a threedimensionalimagewith an isotropicGaussianis equivalentto
successively convolving the imagewith a one-dimensionalGaussianalongeach
axis. By adoptinga block decompositionalongoneaxis only, the �ltering along
two directionscanbe donewithin eachblock without any communication.For
�ltering alongthedecompositionaxis,onemaybene�t from theexponentialdecay
of theGaussian:a goodapproximationis to considertheGaussianasnull outside
its [� � 3� ; � + 3� ] interval (wherewe denotedwith � theGaussian's meanand
with � its standarddeviation). Therefore,when convolving a one-dimensional
signalwith aGaussian,wecanconsiderthatthevalueof the�ltered signalin some
pointp dependsonly of thevaluesof thepointsof theinitial signalwithin p � 3� .
This leadsto thefollowing simplealgorithm(Figure5.2):

1. Eachprocesssendsits bordersof width 3� (in gray in Figure 5.2) to its
neighbors.

2. Eachprocessreceivestheneighbors'borders(in dashedgrey) andaddsthem
to its own domain,obtaininganextendeddomain.
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Figure5.2: The send-bordersalgorithm: Eachprocesssendsits 3� -wide borders
to its neighborsandthen�lters theenlargeddomain.

3. Eachnoderecursively �lters its own extendeddomainandthenthrows away
thereceived borders,in orderto obtaina domainthesizeof the initial one.
For ef�ciency reasons,theconvolution with a Gaussianis approximatedin-
sideeachdomainby thesequentialrecursive �lter .

This algorithmhastwo drawbacks:First, the producedresultsarenot rigorously
correctsincethevalueof a Gaussianis not perfectlynull outsidethe3� interval.
Using largerborderswill make theparallelalgorithmlessef�cient. Second,each
processhasto apply the �lter to a domainthat is larger thanits own. And �nally ,
theamountof datasentthroughthenetwork is proportionalto the�lter' s standard
deviation. This is penalizingif thedesiredlevel of regularizationis high.

5.4.3 A pipeline algorithm

An alternative is to directly parallelizethe fourth orderrecursive implementation
of theGaussian,asfollows. Let usconsiderthelinesof theimagealongtheblock
decompositiondirection: they canbe�ltered independentlyof eachother. Dueto
therecursive natureof the �lter , computingthevalueof onepoint dependson the
�ltered versionof thepreviouspoint when�ltering forwards,andof thefollowing
pointwhen�ltering backwards.Thismeansthatthe�ltering of onesingleline can-
not bedonein parallel. However, differentprocessorscandealwith their partsof
differentlinessimultaneously(Algorithm 4, Figure5.3): At step1, theleft process
beginsprocessingits partof the�rst scanline.Meanwhile,processors2 and3 wait.
Onceprocessor1 �nished, it canpassonto processor2 thecontentsof the4 points
(sincetheorderof the�lter is 4) thatprocessor2 needsin orderto processits �rst
pointof its partof the�rst scanline.Process1 �lters its partof thesecondscanline
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Algorithm 4 ThepipelineparallelGaussianrecursive �lter .
for eachdirectiond do

/* �lter forwards*/
for eachscanlinel alongd do

if not the�rst processoralongd then
receive from theprecedingprocessoralongd its already-�lteredlast

4 points
end if
�lter forwardstheline l
if not thelastprocessoralongd then

sendthelast4 pointsto thesucceedingprocessoralongd
end if

end for
/* �lter backwards*/
for eachscanlinel alongd do

if not thelastprocessoralongd then
receivefrom thesucceedingprocessoralongd its already-�ltered�rst

4 points
end if
�lter backwardstheline l
if not the�rst processoralongd then

sendthe�rst 4 pointsto theprecedingprocessoralongd
end if

end for
end for

while process2 �lters its partof the �rst scanlineandprocess3 doesnothing. At
theendof thisstep,process1 passesthelast4 pointsof its partof thesecondscan-
line on to process2, while the latter onesendsthe last 4 pointsof its part of the
�rst scanlineto thethird process.This way, all theprocesseswork simultaneously
without �ltering onescanlinein parallel. The"processpipeline"however takesa
numberof stepsequalto thenumberof processesbeforeworking at its full capac-
ity. Thefull accelerationis achievedif thenumberof linesis muchlargerthenthe
numberof processes,which is usuallytruein aclusterof workstations.

5.4.4 Performanceanalysis

Two methodsto achieve parallelrecursive Gaussian�ltering wereproposed.We
now quantify the algorithmiccomplexity of eachof them: computationalcom-
plexity, network usageandmaximalacceleration(whenthecommunicationtimeis
null). Weassumebelow thatweare�ltering animageof sizeN x � Ny � Nz using
M processors.The �lter hasa standarddeviation � . We assumethat computing
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Figure5.3: Thepipelineparallel�ltering of a 2D imageof 10 lineswith 3 proces-
sors.Insideeachline, thestepat which it is processedis given. At theendof step
5, processor1 hasjust �nished �ltering its partof the�fth line, andis sendingthe
last4 pointsto processor2. Meanwhile,processor2 hasjust �nished �ltering its
partof the fourth line andis sendingits last4 pointsto processor3 who hasjust
�nished �ltering its partof the third scanline.At step6, the threeprocessorswill
�lter theirpartsof lines6, 5 and4.

the recursive �lter (Equations(5.1) and(5.2)) for eachpoint is donein a time t.
This time is thesamefor thesequentialmethodandthetwo parallelalgorithms.

Computational complexity In the�rst method,eachprocess�lters its own do-
mainplus the margins that the neighboringnodessent. So the computationtime
is NyNz

� N x
M + 6�

�
� t. Thesecondmethoddoesnot �lter borders,but thereis a

pipeline�lling andemptyingpenalty. Thereforethecomputationtime in this case
is N x N y N z

M t + (M � 1)N x
M t .

Network usage Anotherimportantquanti�er of thealgorithmicef�ciency is the
total amountof datasentthroughthe network. In the �rst algorithm,eachpro-
cessorsends3� -wide bordersto its neighbor, so the total amountof datasentby
eachprocessoris 6NyNz� . As we saw before,the amountof datasentby the
secondalgorithmdoesnot dependon � , eachprocessorsendingonly the last 4
points(original dataand�lter result). Thetotal amountof datafor this algorithm
is 16NyNz.

Finally, let us investigatethe numberof messagessent. For the �rst algorithm,
eachprocessorsendsonly two messagescontainingthe two borders.For thesec-
ond algorithm, the numberof messagesis larger (2N yNz), which canmake the
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Table5.1: Theoreticalperformancesof thetwo parallelrecursiveGaussian�ltering
algorithms.

Quanti�er Borderssendingalgo1 Pipelinealgo2
Computationtime NyNz �

� N x
M + 6�

�
� t N x N y N z

M � t + (M � 1)L N x
M t

Amountof datasent 6NyNz� 16NyNz

Numberof messages 2 2N y N z
L

Maximalacceleration M
1+ 6� M

N x

M
1+ L ( M � 1)

N y N z

algorithm inef�cient. However, a trade-off betweenthe numberof messagesto
sendandthemaximumparallelaccelerationcanbemadeasfollows: Ratherthan
sendingthe last four pointsof a single line at a time, onecansendthe last four
pointsof several lines in a singlemessageat the costof an increaseof the time
necessaryto �ll thepipeline.If wedenotethisnumberof lineswith L , thenumber
of messagesfor the secondalgorithmbecomes2N y N z

L andthe computationtime
becomesN x N y N z

M � t + (M � 1)L N x
M t .

Maximal acceleration Even if we considera null communicationtime, theac-
celerationis not linearin eitherof thecases.For the�rst algorithm,onemusttake
into accounttheadditionaltime neededto �lter the two received borders.There-
fore, theaccelerationwith M processorsis:

A1(M ) =
NxNyNz � t

NyNz �
� N x

M + 6�
�

� t
=

M

1 + 6� M
N x

Noticethatfor oneandtwo processors,thelaw aboveis not true:For oneprocessor
no bordersareadded(A1(1) = 1), whereasfor two processors,only oneborderis

addedperprocessor(A1(2) = 2=
�

1 + 6�
N x

�
).

For thesecondalgorithm,we musttake into accountthetime necessaryfor �lling
andemptyingthepipeline:

A2(M ) =
NxNyNz � t

(M � 1)L N x
M t + N x N y N z

M t
=

M

1 + L (M � 1)
N y N z

Eachof the two algorithmscanbe the mostef�cient in differentsituations.The
�rst algorithmis ef�cient if thestandarddeviation of theGaussianis low andthe
connectionnetwork hasahigh latency. Thesecondoneis moreef�cient in sparing
processortime andnetwork bandwidth,especiallyif thestandarddeviation of the
�lter' s Gaussianis high. The drawbackof sendingmany messagescanbe dealt
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with by tuningtheL parameter(numberof linessentin onemessage).In practice,
L is determinedexperimentally, asa functionof thenetwork latency: it hashigh
valueswhenthelatency is high,while low latency networkscantoleratesmallL 's,
therebyimproving the maximalacceleration.The secondalgorithmhasanother
advantage:Theminimumwidth of a processordomainis 4 points,whereasin the
caseof the�rst algorithmtheminimalwidth is 6� . Thisenablesourpipelinerecur-
sive �ltering algorithmto properlywork with amuchhighernumberof processors.
Anotheradvantageof the secondalgorithmis, off course,the fact that it is more
accurate.In ourexperimentswe choseto usethepipelinerecursive �ltering rather
thantheborderssendingalgorithm.

5.5 Parallel Additi ve Operator Scheme

In our registrationalgorithm, the regularizationconsistsin solving a heatequa-
tion. In orderto speedup thecomputation,we usetheAdditive OperatorScheme
(describedin Section3.1.4). Therearealreadyexisting implementationsof the
AOS on distributed memoryparallelcomputers.Bruhn et al. (2002)proposean
implementationthatrequiresclustersconnectedthroughhigh performance(hence
expensive) networks.At eachstep,theimagethatis being�ltered is redistributed,
requiringall processorsto communicateto eachother. This implementationis not
adaptedto clustersof PC'sconnectedthroughlow costnetworks.

As we saw in Section3.1.4, the AOS schemeis separable.If we considerthe
diffusion equation(@U=@t = div(d r U)), the right handterm canbe separated
into threeterms,eachof themdependingonly on the derivativesof U alongone
of thedirectionsx, y andz. This transformsthesemi-implicit schemeof thedif-
fusion equation(v t+� t = (I N � � t A t )� 1 v t = B � 1v t ) into onethat implies
only theinversionof tridiagonalmatrices:v t+� t = 1

3B � 1
x v t+� t + 1

3B � 1
y v t+� t +

1
3B � 1

z v t+� t . The matricesBx , By andBz areeither tridiagonalor they canbe
transformedinto tridiagonalmatricesby properlyreorderingthe elementsof the
vectorv . Along a given axis, the diffusion canbe independentlyperformedon
eachline (wecall line thesuccessionof thevoxelsencounteredin theimagewhen
only onecoordinateparameterdoesvary). Sincewe cut thesupportof our trans-
formationinto subdomainsthat areparallelstacksof slices(sayperpendicularto
the x direction), thereare two directionsfor which all processorswork entirely
in parallel (the y andz axis), without any needfor communication.We are left
with thex direction,perpendicularto thedomaindecomposition,andalongwhich
all the lines aredistributed amongthe processors.Let us describethe inversion
of the matrix Bx . A line w alongthe x axis canbe seenasa projectionof size
dim x of ourprevious“big imagevector” v . Let B W bethecorrespondingprojec-
tion (of sizedim x � dim x ) of thematrix Bx . For eachline w, we have to solve
w t+� t = B � 1

W w t . Sincethematrix BW is tridiagonal,its inversioncanbedone
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usingthe Thomasalgorithm(seeAppendixA.1). The main remainingdif�culty
is thatno parallelprocessingis possibleon a singleline alongthataxisdueto the
recursive natureof theThomasalgorithm.However, we have several linesto pro-
cess.Furthermore,theThomasalgorithmis a �rst orderrecursive �lter with one
causalandoneanticausalpart. Algorithmically, this is very similar to the struc-
tureof therecursive Gaussian�lter (describedin Section5.4.1).Wewill therefore
applya pipelineparallelizationmethod,suchastheonewe usedfor therecursive
Gaussian�lter (Section5.4.3).

A rigorouspseudo-codedescriptionof theentirealgorithmis given in Algorithm
5. Thegoal is to invert in parallelM tridiagonalmatricesB 0; B 1; : : : ; B M � 1 of
sizeN � N , on P processors.If we equallydistributeeachline to all processors,
eachprocessorp is responsiblefor processingthe components� p N

P +1 ;:::;(p+1) N
P

,
� p N

P +1 ;:::;(p+1) N
P

, and
 p N
P +1 ;:::;(p+1) N

P
. It alsomemorizesapartof theelementsof

thematricesL andR: theelementsof thevectorsl , r andm with thesameindices.
In orderto minimizethetotalnumberof messages,we fusein thealgorithmbelow
theloopsthatcomputetheLR decompositionandtheforwardsubstitutionstep.

5.6 Parallel performance

5.6.1 Execution time comparison: stationary vs. non-stationary reg-
ularization

In Chapter3, wereplacedthestationaryregularization(throughGaussian�ltering)
by a nonstationarydiffusion PDE. Unfortunately, the fast implementationof the
stationaryGaussian(Section5.4.1)cannot be usedin the casewherethe degree
of regularity variesspatially. A simpleoptionwould consistin implementingour
regularizationmethodthroughconvolution, andlocally adaptthestandarddevia-
tion of the Gaussiankernel. However, this would imply very large computation
times. The AOS-based�lter we chosehasthe advantageof beingrecursive and
requiringa very low numberof operations.In this section,we evaluatethepoten-
tial lossof time implied by theevolution from thestationaryto thenonstationary
regularization.Four factorsareimportantwhenevaluatingtheexecutiontime of a
parallelalgorithm:thecomputationalcomplexity, theamountof memoryused,the
total quantityof datacommunicatedthroughthenetwork andthe total numberof
messages.

In Table5.2,wecompareourparallelimplementationof theAOS-basedregulariza-
tion methodwith theparallelimplementationof therecursive Gaussian�lter . The
recursive implementationof theGaussianis a fourthorderrecursive �lter , whereas
theAOSschemeis in essencea �rst orderrecursive �lter . Sincethe two parallel
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Algorithm 5 ParallelAdditive OperatorScheme

f i := pN
P + 1 the�rst index memorizedby processorp

l i := (p + 1)N
P thelastindex memorizedby processorp

// FusedLR decompositionandforwardsubstitutionsteps
for eachmatrix j 2 [0; M � 1] do

if p = 0 then
mj

1 := � j
1 //f i = 1

r j
1 := � j

1

yj
1 := dj

1
else

receive m j
f i � 1, � j

f i � 1 andyj
f i � 1 from processorp � 1

l jf i := 
 j
f i =mj

f i � 1

mj
f i := � j

f i � l jf i �
j
f i � 1

r j
f i := � j

f i

yj
f i := dj

f i � l jf i y
j
f i � 1

end if
for i := f i + 1 to l i do

l ji := 
 j
i =mj

i � 1

mj
i := � j

i � l ji � j
i � 1

r j
i := � j

i

yj
i := dj

i � l ji yj
i � 1

end for
if p 6= P � 1 then

sendm j
l i , � j

l i , andyj
l i to processorp + 1

end if
end for
// Backwardsubstitution
for eachmatrix j 2 [0; M � 1] do

if p = P � 1 then
uj

N := yj
N =mj

N //l i = N
else

receive uj
l i +1 from processorp + 1

uj
l i :=

�
yj

l i � � j
l i u

j
l i +1

�
=mj

l i

end if
for i := l i � 1 down to f i do

uj
i :=

�
yj

i � � j
i uj

i +1

�
=mj

i

end for
if p 6= 0 then

senduj
f i to processorp � 1

end if
end for
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Table5.2: A performancecomparisonof theparallelAOSalgorithmwith respect
to theparallelrecursive Gaussian�ltering. Bold valuesindicateindicategainsin
computations,memoryneedor communications.Thevaluestake into accountthe
factthatthevalueof eachvoxel of thetransformationis a three-componentvector,
whichtriplesthecomputationalcomplexity, theamountof communicateddataand
thememoryneeded.

AOS Gaussian
Computation(operations/voxel) 24 90

Memory(numbers/voxel) 27 9
Communications(numbers/line) 12 45

Numberof messagesperline 2 2

algorithmsusethesamecommunicationpattern,the�rst orderAOS�lter sendsthe
samenumberof messagesasthefourth orderGaussian�lter , but eachmessageis
aboutfour timessmaller. TheAOS�lter alsoneedsalowernumberof arithmetical
operations.From Table5.2, onecanseethat the �rst order �lter performingthe
AOSnon-stationarydiffusionis in everyaspectat leastasgoodasthefourthorder
Gaussian�lter , exceptfor memoryuse. However, sincethememoryusedby the
two �lters is distributedover thedifferentworkstations,theextramemoryusedoes
not representaproblem.

5.6.2 Parallel accelerationof the entire algorithm

Thecomputationtimesof thecompleteregistrationalgorithmandtheparallelac-
celerationarepresentedin Figure5.4, for two imagesof size256� 256� 120.
By using 15 2 GHz PentiumIV processors,we obtainedan accelerationof 11
(reducingthecomputationtime from 40min to 3min30). This canbe justi�ed by
thefact thatsomepartsof thealgorithm(creationof theimagepyramids)arestill
sequential.We believe that the minimal time 3min30makes the algorithmsuit-
able for clinical use. Notice that, for somecon�gurations,the accelerationthat
wasobtainedwaslarger thanthe numberof processors.We link this fact to the
performanceof themachines'memory. Sincethealgorithmuseslarge quantities
of memory, cachemissesareratherfrequentwhenrun sequentially. Whenspatial
blocksaresmaller, cachemissesoccurmuchlessoften,whichlargely improvesthe
algorithmperformances.
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Figure5.4: Performancegraphsfor the entireparallelalgorithm. The algorithm
acceleration(continuouscurve, �g. b) is sometimeslargerthanthelinearone(dot-
tedcurve, �g. b). Webelieve thatthis is dueto thememorycache:if thesizeof the
localdataoneachprocessoris smaller, thememorycachebecomesmoreef�cient,
andtheprocessorspendsmuchlesstime parsingthememory. Theminimal time
(�g. a) is of 3min30.

87



5.7 Conclusion

In order to lower the computationtime and make the algorithm more suitedto
clinical use,we proposedin this chaptera parallelimplementationon a clusterof
personalcomputers.This hardwareplatformhasa low �nancial cost,andcanbe
purchasedby many laboratoriesandhospitals.Theparallelalgorithmis basedon
a datadecompositionof a displacement�eld, andat eachstepa processoronly
communicateswith atmosttwo otherprocessors(nocostlyone-to-many or many-
to-many communications).The result is a very goodparallelacceleration,even
whenusinga relatively largenumberof processors.This enablesthealgorithmto
take goodadvantageof inexpensive but powerful medium-sizeclusters.

Although it mainly concernsthe implementationof the algorithmon a particular
hardwareplatform(a clusterof PCs),this chapterdescribessometheoreticalcon-
tributionsregardingtheparallelcomputingfor imageprocessing.As such,we de-
scribednovel parallelimplementationsfor two algorithmswhich arealreadyvery
fast:therecursive�lter for Gaussiansmoothing,andtheAdditiveOperatorScheme
for solvingdiffusionPDE's. This enablesusto achieve a low computationtime (3
minutes30),which in ouropinion�ts our initial purpose:executethealgorithmin
anamountof time thataclinical usercanspendwaiting for theresults.
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Chapter 6

Grid implementation

Thesoftwaredescribedsofar is ableto registertwo imagesin areasonableamount
of time. However, its usability remainsratherlow. Theusermustlog into a clus-
ter, uploadthe input images,run the programthrougha commandline, wait for
theresults,downloadandvisualizethem. Eachof thesestepsmustbeperformed
separatelyby theuser. This is clearlynot theway thingsaresupposedto be in a
clinical environment. In hospitals,physiciansarebusy treatingpatientsandthey
have very little time left for hackinginto complex computersystems.

A commonwayto easetheusageof asoftwareis to embedit into aGraphicalUser
Interface(GUI). In ourcase,wewould likeourGUI to havethefollowing features:

� openandvisualizetheinput images;

� manuallysettheparameters,andbeableto save andloadaparameterset;

� starttheregistration;

� visualizein realtime anintermediateresult;

� if necessary, stoptheprocess;

� visualizeandsave the�nal result.

For a sequentialprogram,building a GUI aroundit is not an especiallydif�cult
job, andtherearewell establishedtechnologiesthattransformthis taskinto anin-
terestingengineeringproblem. However, a setupcontaininga parallelcomputer
canbe morecomplex. In order to maximizethe computerpower andminimize
costs,manufacturersbuild machineswhich,evenif basedon workstationtechnol-
ogy, have somewhat specialdesigns.For instance,the nodesof the clustermay
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lack all the componentswhich are not absolutelyrequiredin order to compute,
like the graphicscardor hard-disk. The direct consequenceis their inability to
displaygraphics.Furthermore,dueto their complexity, clustershave specialad-
ministrationneedsthatrequirepermanentprofessionalhandling.Thisplacesthem
outsidethe clinical environment, in the handsof systemadministratorsinside a
datacenter. For us, thereis a direct consequence:neitherof the cluster's nodes
candisplaytheuserinterface.An externalvisualizationworkstation,placedin the
clinical environment,shouldbe in charge of all userinteraction. The purposeof
this chapteris to presenta systemthatconnectsthevisualizationmodule,running
onaclinical workstation,with theregistrationmodule,runningonaclusterplaced
in a datacenter. Someimportantadditionalissues,like speedandsecurity, will
alsobeaddressed.

6.1 Systemoverview

Our systemis composedof two interactingmodules:theregistrationsoftwareand
thegraphicsuserinterface.Theregistrationmoduleperformsthecomputation.It
is runon aparallelcomputerthatusuallyneedsspecialconditionsto operate,such
asair-conditionedrooms. Therefore,sucha machinecannotlie next to the user
andis morelikely to �nd asuitableplaceasasharedresourcein adatacenterthan
in anoperatingor pre-operative planningroom. TheGUI providestheinteraction
betweenthe registrationmoduleandtheuser. It alsodealswith thevisualization
of thethreedimensionalimagesinvolved. For visualizationperformancereasons,
the GUI must be executedon the user's computer. The computersrunning the
two componentsof our systemmustbeconnectedthrougha network. Dueto the
differentconditionsin which thesetwo computersmustoperate,sucha network
maybealongdistanceone.Moreover, it maybedif�cult to installadditionalwires
in theoperatingroomfor intra-operative registration.Thus,wewantto enableour
serviceto run throughawireless,hencelow bandwidth,network interface.

Thepurposeof our work is to implementtheregistrationasa grid serviceableto
connecttheclinically usefuluserinterfaceto acomputationalcenter. This interac-
tion hasto besuf�ciently re�ned to allow theuserto dynamicallymanipulatethe
stateof theregistrationsoftware.

Theproblemof building grid servicesto controlmedicalimagingalgorithms(such
asregistrationorsegmentation)hasbeenaddressedbymany researchefforts. Burns
etal. (2004b)proposeauniversalframework (namedIXI - InformationeXtraction
from Images),which allows to usein an uniform mannera wide rangeof medi-
cal imagingsoftware(alsoseeBurnset al. (2004a)). The IXI systemprovidesa
centralizedaccessto medicalimagingserviceslocatedall over theworld, allowing
usersto useandcomparetheef�ciency of many differentalgorithms.
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For neuroimaging,a similar goal is targetedby the Neurobaseproject (Barillot
et al. (2004)). In orderto facilitatethebuilding of functionalcerebralmaps(both
undernormalandpathologicalconditions),thisprojectallows to federatemultiple
sourcesof medicaldataandalgorithmsunderanuniformaccessframework.

The speci�c problemof grid-enablinga registrationalgorithmfor clinical usage
wasaddressedby Ino et al. (2003),who useda high-endclusterconnectedto the
visualizationworkstationthrougha high-bandwidthWide AreaNetwork (WAN).
We believe that the infrastructureusedin this work is not representative of the
oneavailablein mosthospitals.Lower endto averageclustersandlow bandwidth
WAN' s arein our opinionmorerealistichardwareplatformsfor any medicalgrid
service.Moreover, this paperdoesnot addressthe interactive usability issuethat
webelieve essentialin aclinical environment.

In this chapter, we presenta systemthat enablesthe interactive useof parallel
registrationsoftwarerunningon a remotelylocatedcluster. Thepresentationem-
phasizesthemechanismsusedto connectouruserinterfaceto thegrid service,and
thesecurityandusabilityconcernsthatareraisedby suchasystem.

6.2 Requirements

Tosummarize,wewantto build aregistrationgridserviceimplementedonacluster
of PC's on the(computation)server side,anda graphicalinterfaceableto control
it on theuserside.In orderto connectthem,weneedacommunicationlibrary that
ful�lls severalconditions:

1. The communicationlibrary hasto be as �e xible as possible. If the users
makestwo requestsA andB to theGUI, andrequestA is transmittedto the
grid servicebeforerequestB, it is importantthatno constraintbe imposed
to theresponsesof thetwo request.Theresponseto B mayarrive beforeor
aftertheresponseto A, andoneor bothresponsesmaybenever sentat all.

2. Communicationshave to passthrough�re walls.

3. Theaccessto thegrid serviceshouldbesecured.A public key authentica-
tion suchasRSA ful�lls our needsregardingaccesspermissionsto thegrid
service.

4. Communicationsshouldbe encrypted. Sincecon�dential medicaldatais
transmittedthrougha WAN that is not alwaysunderthehospital's full con-
trol, thisdatashouldbeencrypted.
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5. The whole systemshouldpreserve the anonymity constraintsimposedby
currentregulations(Herveg andPoullet(2003)).Image�les usuallycontain
informationaboutthesubject's identity. Thisinformationshouldnevermake
its way to the non-controlledWAN. The solution is to sendonly the data
necessaryfor theregistration:theimagesizesandtheimageintensitydata.

6. In orderto maximizethe accessibilityto the grid service,the communica-
tion library shouldsparebandwidth. Therefore,eachmessagetransmitted
throughtheWAN shouldbecompressedbeforesending.

6.3 Technologicalchoice

During the recentyears,a vastamountof work hasbeeninvestedin distributed
computingenvironmentsproviding standardizedandsecurecommunicationsbe-
tweenremotelylocatedcomputers.We review below someof theseenvironments
in view of ourapplication.

6.3.1 Client/server

Several standardizedcommunicationmethodsbetweena client anda server have
emerged.Recently, olderstandards,suchasRPCandCORBA, havebeenreplaced
by protocolsbasedonXML, whichensuretheinteroperabilitybetweenimplemen-
tations.TheSOAP protocol,usedby WebServices(WS) andtheOpenGrid Ser-
vicesInfrastructure(OGSI) (Tuecke et al. (2003);Fosteret al. (2002))haslately
becomethecommunicationstandardfor client/server distributedsystems.

Generally, theserver interfaceis describedin adedicatedinterfacedescriptionlan-
guage(IDL in CORBA, WSDL in WebServices,GWSDLin OGSI),andthecom-
municationinterface is generatedautomatically. The main advantageof sucha
systemis that, whenthe client sendsa servicerequestto the server, the identi�-
cationof the requestandthe decodingof its parametersis donein a transparent
manner. We feel thatseveralaspectsof client/server systemsmakesthemunsuited
for our task:

First,aclientcannotsimultaneouslycommunicatewith morethanoneserver. This
meansthatwhentheserver is aparallelsoftware,theclientwouldhave to commu-
nicateexclusively with themasternode.However, whenthemasternodereceives
a request,theidenti�cation of therequestis donein a transparentmanner, outside
theuser's control. Thus,furtheractionwould have to betakenin orderto forward
the requesttype to the othernodes.From this point of view, client/server would
notbringadditionalfunctionalityto thesystem.
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Theclient/serversystemhasanothermajordrawbackin ourcase.In thismodel,the
server's solepurposeis to answerrequestsfrom theclient. It cannotsendrequests
to the client, andit remainsidle betweenprocessingtwo successive requests.In
oursystem,thisconstraintimposedon theserver is toohard.

6.3.2 Messagepassing

This model,usedby basicnetworking protocols(TCP/IP)andlow level grid lay-
ers (Globus I/O), and generallyadoptedby computationlibraries (MPI, PVM),
provides �e xible high-performancecommunications.In TCP/IP, the userhasto
explicitly describethe datatransfersandthe messageencoding.Higher level li-
braries(MPI, PVM) facilitate the messageencodingandalsoprovide collective
communications(e.g.broadcast).However, theselibrariesweredesignedfor non-
securedcommunicationbetweenthe nodesof a parallelcomputer. Furthermore,
they aregenerallyunableto passthrough�re walls.

Wepreferthemessagepassingcommunicationmodel,sinceit doesnot imposeany
constraintson thepossibleactionsof theservice.Our goal is to createa message
passinglibrary that canprovide securedcommunicationsandis compatiblewith
�re walls.

6.4 Method

We designeda messagepassinglibrary that is ableto transmitmessagesbackand
forth betweentheGUI andeachof thenodesrunningthegrid service.Thanksto
compressionandencryption,thetransmissionof messagesis fastandsecure.

Thissectionprovidesaresumeof themethod.More implementationdetailscanbe
foundin AppendixC.

6.4.1 Communications

In our program,we distinguishbetweencomputationmessages(exclusively ex-
changedbetweenthe nodesof the cluster)andcontrol messages(exchangedbe-
tweentheparallelprogramandtheGUI). Computationmessagesaredirectlycom-
municatedusing MPI's point-to-pointor collective communicationsubroutines,
andthey wereexplainedin Chapter5. ControlmessagesareprogrammedasC++
classescontainingamessagetagthatidenti�es themessage,andamessagehandler
describingtheactionto executeuponreception.Eachmessagehastwo methods,
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packandunpack,thatdescribethewaythemessagecanbepackedinto abuffer for
sending,or unpackedfrom areceivedbuffer.

Controlmessagesaresentthroughcommunicationchannels,thatencapsulatethe
communicationprotocols.Fromaprogrammer's pointof view, thesemessagesare
C++ classesthatprovide:

� packingandunpackingbasicdatatypes(integer andreal numbersandar-
rays) into buffers. Thesefunctionsare called by the message's pack and
unpackproceduresuponthesendingandthereceiptof themessage.

� sendingandreceiving thepackedbuffer.

Until now, wehave implementedtwo channels:

� The long distancechannel,currentlybasedon TCP/IP, is usedfor commu-
nicatingbetweenthe GUI andthe masternode. For performancereasons,
this channeltransparentlycompressesthemessagesbeforesending.It also
takescareof theendianismdifferencethatmightexist betweenthemachines
runningtheGUI andthecluster.

� The local channel,basedon MPI, is usedto forwardthemessagesreceived
by themasternodefrom theGUI to theothernodesof thecluster.

Thecommunicationof a messageusinga channelis doneasfollows: themessage
tagandthemessageitself arepackedinto a buffer of theappropriatesizeandthen
sent. Upon receipt,the messagetag is decodedandan objectof the appropriate
messageclassis instantiated.Themessageis unpackedandits associatedmessage
handleris invoked.

In thecasewheretheGUI sendsamessageto thecluster, themessageis �rst sentto
themasternodeusingthelongdistancechannel,andthendistributedby themaster
nodeto the entireclusterusingthe local channel(seeFigure6.1). The message
handleris subsequentlyinvoked in parallel by all the nodesof the cluster. The
sendingof amessageby theserviceto theGUI is performedby themasternodeof
thecluster.

Thearchitecturewehavepresentedherehastheadvantageof beingmodular. Adding
messagetypesor communicationchannelcanbeeasilydoneby inheritingtheap-
propriateC++ class.
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Figure6.1: Thevisualizationworkstationcommunicateswith theregistrationmod-
ule runningon acluster

6.4.2 Security issues

Both theGUI andthegrid serviceareisolatedfrom therestof theworld by �re-
walls. Regardingthelongdistancechannel,threesecurityissuesareimportant:

� Communicationsmustbeableto passthroughthetwo �re walls.

� Theusermustbeauthenticatedbeforebeingallowedto usetheservice.

� Communicationsshouldbeencrypted.

WeuseSSHtunnelingin orderto ful�ll thesethreerequirements.If a SSHtunnel
is not createdtheregistrationserviceis not visible by theuser. In orderto create
the SSH tunnel, the userhasto authenticateusing a usernameanda password
deliveredby theserviceadministrator. Thetunnelalsoprovidestheencryptionof
thedata�o w betweentheGUI andtheservice.

Despiteall thesesecuritymechanisms,apossibleanonymity breachcancomefrom
the facial reconstructionthat can be doneon someMRI images. The solution
would beto modify theimagesbeforetransmissionthroughthenetwork in a way
that doesnot affect registrationbut makes facial reconstructionimpossible. We
have not tackledthisproblem.

6.5 Results

The �nal systemis the following: After userauthentication,theGUI enablesthe
loadingandcomparative visualizationof the imagesto register. A userinterface
buttonenablestheuserto contactthegrid serviceandstarttheregistration.During
the process,the user is informed in real time aboutthe statusof the algorithm
(smallsizemessages).An intermediateresultimage(severalmegabytesof data)is
regularly sentto theGUI which displaysit. At any time theuserhastheoptionto

95



aborttheregistration.Uponterminationof thealgorithm,theregistrationresultis
sentbackto theGUI.

We have testedour systemby runningtheGUI on a 600MHz PentiumIII laptop
equippedwith awirelessnetwork interface.Thegrid servicerunson152GHzPen-
tium IV PC's linkedthrougha1GB/sEthernetnetwork andprotectedby a �re wall
runningon a 2GHzPentiumIV PC.All systemsrun theLinux operatingsystem.
Theresolutionof theinput imagesis 256x256x124,andtheir sizeis 47.2MB.Af-
ter compression,they reacha sizeof only 3.3MB. The transmissionof the input
imagestakes39seconds,includingtheadditionalcompressionanddecompression
times.Forcomparison,if compressionis notused,thetransmissiontakes2minutes
and26 seconds.During theexecutionof thealgorithm,eachupdateof the inter-
mediateresulttakes18seconds.Theextra timetookby thetransmissionof images
throughthenetwork is of about2 minutes,thusbringingthetotal registrationtime
to about7 minutes.However, thanksto theuserinterfaceandthegrid service,the
registrationsoftwarebecomesusablein theclinical environment.Thus,webelieve
thatthetwo extraminutesin computationtimearetolerable.

We alsotestedour systemin a worstcasescenarioby usinga homeAsymmetric
DSL connectionbetweenthe userinterfaceandthe grid service. The maximum
transferrate is 16kB/sfrom the GUI to the serviceand64kB/s from the service
to theGUI. Theimageuploadtime is about3min30,andtheresultupdatetime is
about1min30.In thisextremecase,thetotal registrationtimereachestenminutes,
includingimagetransfertime. However, thisprovesthatournon-rigidregistration
servicecanbeusedfrom almosteverywherewith averymodestequipment.

6.6 Discussion

Wehavepresentedatechnologythatpotentiallyenablesaclinicianto transparently
usea computationallyintensive but powerful non-rigid registrationalgorithmrun
by aparallelcomputerphysicallylocatedata largedistance.Thesystemcombines
the speedandprecisionprovided by the parallel computerto the easeof useof
thephysician's workstation.A graphicsinterfaceenablestheuserto supervisethe
executionof thealgorithmin realtime. In thefuture,wewill modify thesystemso
thatphysicianswill beableto usetheir clinical expertiseto guidetheregistration.
We will addan integratedauthentication,theautomaticcreationof thesshtunnel
andtheremoteexecutionof theserviceby theuser. A testin aclinical setupis also
in preparation.

Our non-rigid registrationserviceopensup numerousadvancedmedical image
analysisapplicationsto theclinical practice,suchastheusageof brainatlasesor
imageguidedtherapy. However, while medicalimagingalgorithmicissueshave
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mostly beendealt with, grid managementproblemsstill have to be addressed.
The most importantproblemis the standardization.Indeed,while the long dis-
tanceTCP/IP channelful�lls its functionality requirements,its integration with
standardsecurityandauthenticationmechanismsanddiscovery servicesis noten-
sured.Theseaspectshavebeenaddressedin existinggridenvironments,suchasthe
GlobusToolkit. In thefuture,we intendto replacetheTCP/IP-basedlongdistance
channelwith onebasedon Globus I/O. This would alsoenableus to replaceSSL
certi�catesandSSHtunnelingwith thesimilarbut morestandardizedfunctionality
providedby theGlobusSecurityInfrastructure.
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Chapter 7

Conclusion

Contributionscanbedivided in threeclasses:�rst, on the introductionof a priori
information into multi-subjectnonlinearregistrationmethods;second,on paral-
lel andgrid computingmethodsappliedto medicalimageregistration;andthird,
on the applicationof the proposedmethodsto concreteclinical problems.These
contributionsgave riseto 3 publicationsin internationaljournals(Stefanescuetal.
(2004b,c,2005)),3 articlesin internationalpeer-reviewedconferences(Stefanescu
et al. (2003a,2004a);Ourselinet al. (2002)),aswell asotherconferencearticles
(Stefanescuetal. (2003b,2004d)).

7.1 Methodologicalcontributions to nonlinear registration

Oneof the goalsof this thesiswas to incorporatea priori knowledgeaboutthe
anatomyor the possiblepathologyof imagedobjectsinto the registrationalgo-
rithm. Themanuscriptproposeda “pair-and-smooth”approachthatusesa dense
displacement�eld to describethetransformation,whichensuresthatit canrecover
deformationsat the voxel resolution. The algorithmalternatesthe estimationof
an incrementalcorrection�eld (basedon a similarity criterion) andtwo level of
regularization(�uid and elastic). The whole processguaranteesthat the recov-
eredtransformationis invertible.Thecontributionsof thethesisarebasedon three
assumptions.First, we considerthat not all voxels in imagescontribute equally
relevant informationto the registration. Voxels closeto contoursgive morereli-
abledisplacementsthanvoxels in smoothareas.Second,the imagedobjectsdo
not deformhomogeneously. And �nally , somestructuresin oneimage,especially
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pathologicalones,donothavecorrespondentsin theother. Theanatomicalmodel-
ing is performedthroughtheusageof two �elds: acon�dence�eld ontheintensity
matches,which weightsthe importanceof the differentvoxels in the registration
process;andapossiblyanisotropicnonstationarystiffness�eld, which�nely tunes
theamountof deformabilityin thevariousregionsof theimages.

Discriminating important voxels We proposedin Section3.1.2 a methodto
limit the in�uence of unreliablevoxels in the registration. Oncethe incremental
correction�eld hasbeencomputed,anonstationarydiffusionis usedto smooththe
incrementalcorrectionsthatwerecomputedbasedonirrelevantimagevoxels.This
createsan interpolationeffect in thoseregionsof the displacement�eld. Experi-
mentsshowedthat this improvestheresults,andalsodiminishesthecomputation
time. The computationtime is low, thanksto the usageof the fastsemi-implicit
Additive OperatorScheme.This contribution waspresentedat theMICCAI 2003
conference(Stefanescuet al. (2003a))andpublishedin Medical ImageAnalysis
(Stefanescuetal. (2004c)).

Registering imageswith pathologies Whenattemptingto segmentrealpatient
imagesby registeringthemwith ananatomicalatlasfor radiotherapy planning,we
encounteredthe following problem: the tumor or the possiblesurgical resection
presentin the patientimagehasno correspondentin the atlas. Therefore,false
correspondencesareestimatedfor points inside the pathology, which leadsto a
locally erroneousregistration. The solutiondescribedin Section3.3 consistsin
giving thepathologicalvoxelsa low weight in theregistration.Resultsshow that
this tendsto interpolatethe displacement�eld inside the tumor from its values
outsideit, whichpreventspotentialdistortionscausedby thepathology. Thisresult
waspresentedat MICCAI 2004(Stefanescuet al. (2004a)).

Object deformability is position and dir ection-dependent Usually, pair and
smoothalgorithmsperformisotropicanduniformregularization.Weintroducedin
Chapter3 anelasticregularizationof thedisplacement�eld, which is weightedby
a “stiffness”�eld estimatingthelocal deformabilityof tissues.Theregularization
is implementedasa nonstationarydiffusion equationandsolved usingthe AOS.
This realizesa quitegoodandvery fastapproximationof an elasticbehavior. In
Chapter4, furtherinformationis incorporatedinto theregistration.We show how
directional(tensor)stiffnessinformationcanbe embeddedin the registrationby
replacingthe isotropicnonstationaryregularizationwith ananisotropicone. This
is usedin order to maintainthe regularity of speci�c surfacesin atlasto subject
registration.ThiscontributionwaspresentedattheMICCAI 2003conference(Ste-
fanescuetal. (2003a))andpublishedin MedicalImageAnalysis(Stefanescuetal.
(2004c)).
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7.2 Parallel and grid computing for medical imageregis-
tration

Long computationtimes may prevent an algorithm from being clinically func-
tional. They becomeprohibitive if the processingchain in which the algorithm
is embeddedcontainsinteractivity. Discussionswith physicianssuggestedthat a
goodintegrationmeansthat: thecomputationtimeshouldbeof afew minutes;and
it shouldintegratewell into currentlyexisting clinical setups.Moreover, the re-
quiredhardwareshouldnot bemoreexpensive thancommonmedicalequipment.
In orderto facilitatetheclinical integrationof our registrationalgorithm,we pro-
poseda parallelimplementationwhich ensuresa low executiontime. This imple-
mentationcontainstheoreticalcontributionsto parallelcomputingfor imagepro-
cessing.Theuseof grid computingmethodsallows a large �e xibility concerning
thecostandlocalizationof thecomputingresources.

Parallel computing to reducecomputation times Chapter5 presenteda paral-
lel implementationof the registrationalgorithmon an inexpensive clusterof per-
sonalcomputers.We proposednot only a practicalimplementationthat reduces
the computationtime to only a few minutes,but alsotheoreticalcontributions to
parallelcomputingappliedto imageprocessing:our pipelineparallelizationstrat-
egy of theGaussian�lter andtheAdditive OperatorSchemescanbegeneralized
to otherrecursive �lters, which areusuallyoptimal sequential�lters. The results
werepresentedat theHealthGrid2003conference(Stefanescuet al. (2003b))and
publishedin ParallelProcessingLetters(Stefanescuet al. (2004b)).

Grid methodsto integrate into the clinical setup Despitetheir low cost,clus-
tersof PC'sarestill somewhatincompatiblewith a clinical usage.Administration
andmaintenancecostsmayincite hospitalsto delocalizeandsharethecomputing
power. In the sametime, registrationhasto be integratedinto currentlyexisting
dataprocessingsystems,which supposesa total control of the algorithm. Since
we aredealingwith images,this canonly bedonethrougha graphicaluserinter-
face.By usinggrid computingmethods,Chapter6 presentedasystemthatenables
a visualizationworkstationin the clinical environmentto control the registration
softwarerunningon a distantclusterandinteractwith it in real time. Thesystem
allows a great�e xibility: It hasbeentestedwith a clusterhundredsof kilometers
awayfrom theuser, throughastandardnetwork aswell asusingahomeDSL link.
Thetechnologywasdemonstratedat HealthGrid2004(Stefanescuet al. (2004d))
andalsodescribedin anarticlepublishedin Methodsof Informationin Medicine
(Stefanescuetal. (2005)).
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7.3 Integration into two clinical applications

The registrationalgorithmwas testedfor two differentclinical applications:the
segmentationof high risk organsfor theplanningof conformalbrainradiotherapy,
andthelocalizationof thecentralgrey nuclei for theplanningof theimplantation
of electrodesrequiredby deepbrainstimulations.Eachapplicationwasdeveloped
in collaborationwith one clinical and one industrial partner. In both cases,the
algorithmhasbeen(or is aboutto be)evaluatedby clinical experts.

Conformal brain radiotherapy In order to segmenthigh risk structuresand
avoid their irradiation during the radiotherapy, patient imagesare registeredto-
wardsa labeledanatomicalatlas.After aninitial af�ne registration,weappliedour
nonlinearregistrationalgorithmandsubsequentlydeformedtheatlasstructuresto-
wardsthepatientgeometry. Preliminarymeasuresof thespeci�city andsensitivity
of the segmentationproducedby our atlasto subjectregistrationalgorithmshow
thatthesesegmentationareof aqualitycomparableto theoneachievedby clinical
experts.This quality is furthermorereproduciblefrom onepatientto another.

Furthermore,quantitativecomparisonona22patientsdatabasehasbeenperformed
by anindependentclinical expertfrom theCentreAntoineLacassagne, andoural-
gorithm hasbeenshown to register the brain stemmoreaccuratelythanboth an
af�ne registrationandanotherelasticregistrationalgorithm. As a consequence,
our nonlinearregistrationalgorithmwasintegratedinto a prototypeof a planning
systemfor conformalbrain radiotherapy developedby DosiSoftS.A. The atlas-
basedsegmentationsystem,including our nonlinearregistrationalgorithm, will
soonbeclinically validatedat theInstitutGustaveRoussy.

Deepbrain stimulation The purposeof the secondapplicationis to automati-
cally localizethecentralgrey nuclei,in orderto guidetheimplantationinsidethem
of electrodeslinked to a neurostimulator. The centralgrey nuclei aresegmented
by registeringpatientimageswith ananatomicalatlas.After aninitial af�ne regis-
tration,thepatientandatlasimagesarenonlinearlyregisteredusingthealgorithm
describedin this thesis. The expert segmentationsof the atlasaresubsequently
deformedinto thepatient's geometry. Thegrey nucleibeinglocatedvery nearto
thehighly deformableventricles,ouranisotropicdiffusionregularizationallows to
betterretrieve the motion andto obtaina bettersegmentation.The validationof
thesystemis a futurework. Webelieve thatthemostclinically signi�cant method
to quantifythevalidity of themethodis to comparethepredictedpositionsof the
implantationtargetswith their real positions,determinedduring the intervention.
Weexpectto performsuchavalidationin thenext monthsusingper-operative data
from theLa Pitié SalpêtrièreHospital.
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7.4 Futur ework

Theresearchpresentedin this thesisopenstheway to several researchpathsthat
needto beexplored.

Numerical validation Thevalidationmethodwasmainlyapplication-based,through
the visual inspectionandquanti�cation of the result (deformedimagesandatlas
structures)by a clinical expert. However, a moregeneralvalidationwould bede-
sirable,in orderto betterunderstandthestrengthsandweaknessesof thealgorithm,
andcompareit with othermethods.Sincethereis little chanceto obtaina realistic
groundtruthby simulatingintersubjectdifferences,we intendto validatethealgo-
rithm be examiningtheatlassegmentationsdeformedinto thepatientsgeometry.
WearecurrentlytestingtheSimultaneousTruthandPerformanceLevel Estimation
methodproposedby War�eld et al. (2004b).Anotherpossibletrackis theintegra-
tion of the algorithminto a currentlyexisting validation framework, suchasthe
oneproposedby Hellier et al. (2003).

Simultaneoususageof different similarity criteria In our approach,a single
similarity criterion(usuallythesmallestsquaredistanceor thelocalcorrelationco-
ef�cient) is usedto registera pair of images.However, numerousothermeasures
have beenproposed.While noneof themcanclaim supremacy over the others,
somecriterionmayprove to bemoreef�cient thanothersin orderto registercer-
tain structures.For instance,regionsin imageswhereintensitiescorrespondvery
well mayberegisteredwith theSSDcriterion,while in otherareasa multi-modal
measuremaybenecessary.

Multi-channel registration Somestructures(suchasthebrain'scentralgrey nu-
clei) exhibit a low contrastin somemodalities,suchas the T1-MRI. However,
many clinical protocolsincludethe simultaneousacquisitionof differentmodal-
ities, eachof them being relevant for someanatomicalstructures. A similarity
criterion that takesinto accountnot two images,but two setsof imagesacquired
usingdifferentmodalitiesmay provide moreinformationaboutlowly contrasted
structures.Differentsimilarity criteriamaybeusedfor eachoneof thesemodali-
ties.

Bringing more clinical expertise into the registration Of course,we would
love to beableto reportperfectresults.However, thequality of registrationis not
only dependenton the intensitiesof voxels,but alsoon theclinical interpretation
of theimagecontents.Concerningthelater, humanexpertiseis invaluable.Ideally,

103



the usershouldbe ableto locally correctthe registrationprocess,andthusavoid
ambiguityandlocalminima.Eventually, thesecorrectionmaybe“learned”by the
algorithmwhich couldsubsequentlyavoid theerror. Thanksto its shortcomputa-
tion times,theproposedalgorithmcanpotentiallybemodi�ed in orderto beused
in aninteractive manner.

Long distancedisplacementcorrelation In our currentregularizationmethod,
thedisplacementof avoxel hasanin�uence only on thedisplacementof its neigh-
bors,andthe amountof in�uence a voxel canhave on othersdecreaseswith the
distance.It would be interestingto be to be ableto imposea kind of correlation
betweenthedisplacementsof voxelsthatarefarawayfrom eachother. Thiswould
enableto usemoregeneralstatisticalinformationaboutthedisplacementof differ-
entregionsinsideanobject.

Building dynamic atlases Hill etal. (2002)proposedto replacetraditionalbrain
atlases,aimingto computeaveragebrainsrepresentative of large segmentsof the
population,with a dynamicatlas,customizedto a speci�c subject:databaseslo-
catedin differentclinical centersprovide imagescomingfrom subjectswhichhave
the samecharacteristics(age,sex, etc.). The averageis then dynamicallybuilt
basedon theseselectedimages.A fastintersubjectregistrationalgorithm,suchas
the oneproposedin this thesismay prove very helpful, both for theconstruction
andtheusageof suchadynamicatlas.
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Appendix A

Numerical implementation

A.1 Solving the diffusion equation in 1-D

In ouralgorithm,theregularizationconsistsin solvinganon-stationaryheatequa-
tion. In theone-dimensioncase,this canbedoneusingthesemi-implicit scheme
vt+� t = (I N � � tA t )� 1vt (whereA is thelinearoperatorcorrespondingto a�nite
differencediscretization,asdescribedin thefollowing sectionA.2). Sincewe use
�nite differences,thevaluevt+� t

i at eachpoint of index i dependsonly on vt+� t
i � 1 ,

vt+� t
i andvt+� t

i +1 . Therefore,thematrix A t is tridiagonal,andso is I N � � t A t

(seeAppendixA.2). The inversionof a tridiagonalmatrix canbeachieved using
theThomasalgorithm(Presset al. (1993)),which consistsin a LR decomposition
followedby forwardandbackwardsubstitutionsteps,asbelow. For simplicity, we
renamethevariablesin our equation:B = I N � � t A t , u = vt+� t , d = vt . The
following �rst orderrecursive algorithmoperatesin lineartime:

Givena tridiagonalmatrixB , thepurposeis to solve thelinearsystem

B u = d

whereB is thetri-diagonalmatrix

B =

0

B
B
B
B
B
@

� 1 � 1


 2 � 2 � 2
.. . . . . . . .


 N � 1 � N � 1 � N � 1


 N � N

1

C
C
C
C
C
A

(A.1)

The �rst stepis theLR decompositionB = LR with L beinga lower bidiagonal
matrixandR anupperbidiagonalmatrix. If wedenotetheL andR matricesas
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Algorithm 6 LR decomposition
m1 := � 1

r1 := � 1

for i := 2; 3; : : : ; N :
l i := 
 i =mi � 1

mi := � i � l i � i � 1

r i := � i

Algorithm 7 Resolutionof a tridiagonalsystem.Forwardsubstitution.
y1 := d1

for i := 2; 3; : : : ; N :
yi := di � l i yi � 1

L =

0

B
B
B
@

1
l2 1

... ...
lN 1

1

C
C
C
A

R =

0

B
B
B
@

m1 r1
. . . . ..

mN � 1 rN � 1

mN

1

C
C
C
A

thenAlgorithm 6 givesthedecompositionmethod.Theresolutionof thesystemis
donein two steps:a forward(Algorithm 7) anda backward(Algorithm 8) substi-
tution.

A.2 From diffusion to the linear operator in one dimen-
sion

If v andd arevectors(one-dimensionalarrays)andh is the grid size, the �nite
differencediscretizationof theheatequationin apointp of thegrid is

Algorithm 8 Resolutionof a tridiagonalsystem.Backwardsubstitution.
uN := yN =mN

for i := N � 1; N � 2; : : : ; 1:
ui := (yi � � i ui +1 ) =mi
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r (dr v) jp = r dr u+ d
d2v
dx2 �

dp+1 � dp� 1

2h
�
up+1 � up� 1

2h
+ dp

vp+1 + vp� 1 � 2vp

h2

Thus,thecorrespondingsemi-implicitschemeis

vt+1
p � vt

p

� t
=

1
h2

�
dp +

dp+1 � dp� 1

4

�
vp+1 + (A.2)

+
1
h2

�
dp �

dp+1 � dp� 1

4

�
vp� 1 �

�
2
h2 dpvp

which leadsto anN � N matrixwhosepth line correspondsto pointp:

Column 1 : : : p � 2 p � 1 p p + 1 p + 2 : : : N
# # # # # # # # #

Value 0 : : : 0
dp +

dp+1 � dp� 1
4

h2 � 2dp

h2
dp �

dp+1 � dp� 1
4

h2 0 : : : 0

Thisamountsto thefollowing valuesfor the� , � and
 elementsfrom Eq. A.1:

� p = 1 + 2 � t
dp

h2

� p = � � t
dp � dp+1 � dp� 1

4

h2


 p = � � t
dp + dp+1 � dp� 1

4

h2

Remark If thestiffness�eld d is relatively smoothsmooth(k(dp+1 � dp� 1)=4k �
kdpk), and the above numericalschemeapproximatesthe one of the Laplacian
@v
@t = d� v:

vt+1
p � vt

p

� t
=

1
h2 (dpvp+1 + dpvp� 1 � 2dpup)

Thisapproximationstandsin regionswhered is relatively large. If wegived large
valuesin areasthat are “anatomicallyrelevant” and low onesin lessinteresting
regions,we canusethis approximation.For historicalreasons,this approximation
is currentlyusedin thecurrentversionof the registrationsoftware. In the restof
thisappendix,we will alsousethis simplifying approximation.
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Practical implementation In practice,the resolutionof the tridiagonal linear
systemonasingleprocessorcomputerwasperformedusingtheLAPACK (Ander-
sonet al. (1990))routinedgtsv .

A.3 Boundary conditions

In this section,we alsoaddressthecasewherethederivativesof thestiffness�eld
(r d) aresmallw.r.t. to thevaluesof the �eld (d). Therearetwo specialcases,at
the�rst andat thelastpoint. They correspondto theborderconditions.Whenthe
diffusion equationis appliedto a displacementor correction�eld, we aremainly
interestedby two situations:

1) Dirichlet boundary conditions

The imageobjectsare“attached”to the bordersof the image. Numerically, this
amountsto extendingwith zerosthedisplacement/correction �eld outsidethe im-
agesupport.This way, thediffusionensuresthatthevaluesof the�eld next to the
bordersarealwaysvery closeto 0. For the �rst point, thediscretizationfrom Eq.
A.2 becomes

vt+1
1 � vt

1

� t
=

d1

h2 0 � 2
d1

h2 vt+1
1 +

d1

h2 vt+1
2

For thelastpoint, thediscreteschemebecomes

vt+1
N � vt

N

� t
=

dN

h2 vt+1
N � 1 � 2

dN

h2 vt+1
N +

dN

h2 0

This leadsto thefollowing valuesfor the�rst andlast line of thematrix B in Eq.
A.1:

� 1 = � 2
d1

h2

� 1 =
d1

h2

� N = � 2
dN

h2


 N =
dN

h2
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2) Neumannboundary conditions

Theimagedobjectscanmove freely in theplanetangentto theboundarysurface.
In orderto achieve thiseffect,weextendthe�eld outsideits domainwith thevalue
of theclosestpointon theborder. For the�rst point, this leadsto

vt+1
1 � vt

1

� t
=

d1

h2 vt+1
1 � 2

d1

h2 vt+1
1 +

d1

h2 vt+1
2

whereasfor thelastpoint thediscreteschemebecomes

vt+1
N � vt

N

� t
=

dN

h2 vt+1
N � 1 � 2

dN

h2 vt+1
N +

dN

h2 vt+1
N

By summingin the�rst equationthetwo termscontainingv t+1
1 , andin thesecond

equationthetwo termscontainingvt+1
N , weget:

� 1 = �
d1

h2

� 1 =
d1

h2

� N = �
dN

h2


 N =
dN

h2

A.4 Implementing the AOS in thr eedimensions

By neglectingthederivativesof d, thediffusionequationin 3D

@v
@t

= div(d r v)

becomes
@v
@t

= d � v = d
�

@2v
@x2 +

@2v
@y2 +

@2v
@z2

�

By denotingwith v[x; y; z] the valueof the volumev at point (x; y; z), the dis-
cretizationof theabove equationis
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vt+1 [x; y; z] � vt [x; y; z]
� t

= d[x; y; z]
�

vt [x + 1; y; z] � 2vt [x; y; z] + vt [x � 1; y; z]
h2

x
+

+
vt [x; y + 1; z] � 2vt [x; y; z] + vt [x; y � 1; z]

h2
y

+

+
vt [x; y; z + 1] � 2vt [x; y; z] + vt [x; y; z � 1]

h2
z

�

In SectionA.2 we have seenthat theAdditive OperatorSchemeconsistsin sepa-
ratingthelinearoperatorabove alongthedirectionsx, y, andz:

vt+1 [x; y; z] � vt [x; y; z]
� t

= d[x; y; z]
�

vt [x + 1; y; z] � 2vt [x; y; z] + vt [x � 1; y; z]
h2

x

�
+

+ d[x; y; z]
�

vt [x; y + 1; z] � 2vt [x; y; z] + vt [x; y � 1; z]
h2

y

�
+

+ d[x; y; z]
�

vt [x; y; z + 1] � 2vt [x; y; z] + vt [x; y; z � 1]
h2

z

�

Therefore,the threeoperatorsAx , Ay andAz (alongthe x, y, andz directions)
correspond,respectively, to thefollowing one-dimensionalschemes:

Ax : vt +1 [x;y ;z]� vt [x;y ;z]
� t = d[x;y ;z]

h2
x

�
vt [x + 1; y; z] � 2vt [x; y; z] + vt [x � 1; y; z]

�

Ay : vt +1 [x;y ;z]� vt [x;y ;z]
� t = d[x;y ;z]

h2
y

�
vt [x; y + 1; z] � 2vt [x; y; z] + vt [x; y � 1; z]

�

Az : vt +1 [x;y ;z]� vt [x;y ;z]
� t = d[x;y ;z]

h2
z

�
vt [x; y; z + 1] � 2vt [x; y; z] + vt [x; y; z � 1]

�

Theinversionalgorithmfor tridiagonalmatricesdescribedin SectionsA.1 andA.2
is appliedin orderto separatelysolve thethreetridiagonalsystems.
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Appendix B

Segmentationof pathology in
tumor-diseasedbrains

B.1 Segmentationof a surgical resection

A surgical resectioncorrespondsto anabsenceof matterin theconsideredregion,
�lled with CSF, and possiblyconnectedwith the ventricles. Its shapeis more
sphericalthan the otherstructuresof the CSF, and is composedof only onebig
connectedcomponent.Thesearethebasicpropertiesthatweexploit for delineating
theresection.

First, we extractall structuresbehaving like CSFin the joint MR T1 andT2 his-
togram(low signal in T1 andhigh signal in T2) by �tting a 2D Gaussianon the
correspondingareaof thehistogram.Selectingall thevoxelswhosejoint intensity
is statisticallycompatiblegivesus an oversizedsegmentationof CSFwhich still
containsstructureslike theeyesandtheventricles.Theeyesarequiteeasyto re-
movesincethey appearastwo isolatedconnectedcomponents.To selectthem,we
robustly registeranatlaswith anaf�ne transformation,andremove theconnected
componentsthat have an intersectionwith the eyesof the atlas. To separatethe
ventriclesfrom the surgical resection,we usea region labelingalgorithmbased
on a skeletonizationby in�uence zone(SKIZ) Soille (1999). As this labeling is
sensitive to narrowings in a connectedcomponent,it easily classi�es the surgi-
cal resectionandthe ventricleasdifferentregions. The regionsthat intersectthe
ventriclesof theatlasareremovedasabove.

Finally, wehaveto selectthesurgical resectionregionamongremainingstructures.
Thesulci arerelatively smallwith respectto a surgical resectionandthuseasyto
remove. Themainproblemcomesfrom thepossiblepresenceof aCSFcomponent
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betweenthebrainandtheskull dueto brainshift duringthesurgicaloperation.The
volumeof thiscomponentmaybequitelarge,but its shapeis mostly�at. Thus,we
computea distancemapin eachremainingCSFconnectedcomponent,andselect
theonethathasthelargestinscribedball radius.

B.2 Delineationof the tumor

Delineatinga tumor is a hardtaskdueto themultiple appearancesit mayhave in
theimage.Thetumormaygenerateanedemaatits frontiers,andcontainanecrotic
center. Thetumor tissuesandtheedemausuallyappearlike partialvolume(CSF
andgrey matter)intensities,while thenecrosisresemblestheCSF.

TraditionalExpectation-Maximizationalgorithms(Leemputet al. (1999)) fail to
provide goodresultsbecauseof thepresenceof thesetissues.An alternative is to
considertumorintensitiesasoutliersin this mixtureof Gaussians,or to addsome
speci�c classesto model the tumor andedemaintensities(Moon et al. (2002)).
As this was often not suf�cient, someanatomicalknowledgewas added,either
by combininggeometricpriors given by the non-rigid registrationof an atlasto
a tissueclassi�cation (Kaus et al. (2001)), or by using Markov RandomFields
(Kapur (1999)). Othermethodsincluderegion growing from a region of interest
delineatedby one of the precedingmethodsusing level-setsmethods(Ho et al.
(2002)).

All thesemethodsendup in verycomplex algorithmasthey attemptto segmentall
the tissues.In our case,we areonly interestedin the tumorsegmentation,so that
wecouldrely onaverysimplemathematicalmorphologyschemeaswedeveloped
in theprevioussection.

We �t this time a mixtureof two Gaussiansto theselectedregion of the joint T1
an T2 intensityhistogram:onefor the necroticpart of the tumor (which appear
likeCSF),andasecondonefor thetumortissuesandits edema(resemblingpartial
volumeCSF/grey matter).Weobtainanoversizedsegmentationwhereweneedto
removestructureslikethesulcior theventricleswithoutremoving interestingparts.
Indeed,we now have CSFandgrey matterpartialvolumevoxels,andthenecrotic
partof thetumorcanbeneara region containingCSF. Theventriclesandtheeyes
areremoved like before. Thenthe remainingpart of the segmentationis labeled
into SKIZ zones.Eachregion is thencomparedwith ana priori statisticalatlasof
theCSFto computethemeanprobabilityof belongingto theCSF. A thresholdon
this probability allows us to remove the CSFstructureslike the ventriclesor the
sulci. In eachof thesetwo stepswealsocomputeadistancemapto theCSFof the
statisticalatlasin eachregion to avoid removing regionscontainingvoxelstoo far
from theexpectedCSF.
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Appendix C

ClusterConnect: a library for
controlling a parallel program
fr om a graphics interface

Wehavegroupedoursoftwareinterfaceallowing to coordinateagraphicsinterface
runningon a visualizationworkstationto controla parallelsoftwarerunningon a
distantlylocatedclusterinto a library calledClusterConnect.

C.1 Structure

Messages,channels,messagetags,collective operations

As statedabove,thepurposeof thislibrary is thetransmissionof messagesbetween
a visualizationworkstation(VW) andthenodesof a cluster. Thecommunication
shouldful�ll severalconditions:

� It mustbefastin orderto allow numerouslargemessages.

� It mustbesecure,sincemessagesmaypotentiallypassthroughanunsecured
wideareanetwork (WAN).

� Sincewe want to allow long-distancecommunications,messagesmustbe
ableto passthrough�re walls.

� Thesoftwareinterfaceshouldbeassimpleaspossible.
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C.2 Softwarearchitecture

The main missionof the library is the ability to senda messagethrougha com-
municationchannel.Hence,thetwo mainnotions,representedby theC++ classes
MessageandCommChannel(communicationchannel).

C.2.1 Communication channels

Communicationchannelsareableto sendandreceive primitive objects,suchas
numbers. This meansthat 1) they have to managethe “low level” interfaceof
communication:sendingandreceiving a �o w of bytesstoredin a databuffer; 2)
they provide amethodto encodenumbersinto thebuffer.

Classhierarchy

Figure C.1 shows the classhierarchyof implementedcommunicationchannels.
The baseclassCommChannel servesasa commoninterfacebetweenthem. It
de�nesthefollowing methods:

� packInt andpackFloat : encodeasequenceof integersor realsinto the
communicationbuffer.

� unpackInt andunpackFloat : decodea sequenceof integersor reals
from thebuffer.

� sizeInt andsizeFloat : returnthesizeof thebuffer requiredto encode
agivennumberof integersor reals.Dependingontheencodingmethod,this
sizecanvary from the oneoccupiedby the numbersin the memoryof the
computer.

� send andreceive : transmissionof thedatabuffer.

Remark The unpackInt andunpackFloat functionsneedto now in ad-
vancethe numberof numbersthey have to recover. Thus, the transmissionof a
vectoroccursas:

// communicating an integer vector vec of size n
Sender:
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FigureC.1: Classdiagramfor thechannelhierarchy.

packInt(1, n)
packInt(n, vec)

Receiver:

unpackInt(1, n)
vec = allocate_vector _of_s iz e( n)
unpackInt(n, vec)

The MPI broadcastchannel This channelallows themasternodeto broadcast
a messageto theothers.Thecommunicationitself is doneusingtheMPI function
MPI_Bcast , whichenablesthebroadcastof simpleobjects,suchasnumbers.

The TCP/IP channel It communicatesthedatabuffer throughTCP/IPsockets.
Sincethischannelmayhaveto senddatathroughslow links, theinformationis �rst
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FigureC.2: Classdiagramfor themessagehierarchy.

compressedbeforesending,andtransparentlydecompressedat destination.The
compression/decompression is performedusingthe zlib library1, which employs
analgorithmderivedfrom Ziv andLempel(1977).

C.2.2 Messages

A messageis an objectcontainingthe datathat needsto be transmitted.In gen-
eral, its contentsconsistsof integer or real numbersor vectors. The baseclass
Message providesa commoninterfacefor all messages.A messagealsocon-
tainsthealgorithmthatpacks(functionencode ) or unpacks(functiondecode )
it from a communicationchannel's databuffer. In orderto packor unpackitself
to/fromthechannel'sbuffer, it usesthedesiredchannel'spackInt , packFloat ,
unpackInt andunpackFloat methods.Using the channel's sizeInt and
sizeFloat functions, the size function reportsthe size of the data buffer
neededto encodethemessage.

Othermessageclassesarederivedfrom thebaseclass.FigureC.2showstheexam-
pleof MessageStart , usedby theGUI to requestdebeginningof a registration
job. Thedatait carriesconsists(in asimpli�ed vision) in thetwo input imagesfor
the registration(sourceandtarget). The GUI createsonesuchmessage,passing
it the two images.Theencode , decode andsize functionsareappropriately
implementedin orderto carrythetwo images.

1http://www.gzip.org/
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Algorithm 9 Receiving amessage

1. receive anintegern=thesizeof themessage

2. receive a buffer buf of sizen (in bytes)

3. receive thetag of themessage,representingits type

4. usetheM essageFactory to build anobjectm of thetypecorrespondingto
thetag

5. use the M essageHandlerF actory to build an appropriate
M essageHandler for themessagetag

6. invoke thehandle methodof theM essageHandler, andpassit the mes-
sagem asaparameter

C.3 Receiving a message

The dif�culty in receiving a messageconsistsin the fact that not all messages
containthesamedata(seeAlgorithm 9). Eachclassrepresentinga messagehasa
staticintegertag. Identifyingamessageat its receiptis donethroughits tag,which
issentthroughthecommunicationchannelprior to themessageitself. Uponreceipt
of the taganda databuffer containingthe packed message,a messagefactoryis
invoked to createa messageobjectof the type given by the tag. It thencalls the
decode methodof themessagewhichreadsthedatafrom thebuffer. Themessage
handleris theninvoked.

C.4 GUI to cluster communication

Due to the possibleisolationof thevisualizationworkstationfrom the clusterby
a �re wall2, the GUI cannotdirectly broadcasta messageto all the nodesof the
cluster: it canonly communicatewith themasternode.Thus,themessagehasto
be sent�rst to the masternode,which forwardsit to the restof the cluster. The
systemis furthercomplexi�ed by thefact that thecommunicationsbetween,�rst,
theGUI andthemaster, andsecond,themasterandthecluster, donotusethesame
communicationprotocol.

Thealgorithmis describedin FigureC.3. A messageof anappropriatetypeis �rst
createdand�lled with appropriatedataby theGUI (step1) anda “send” orderis

2This situationis presentin our testsystem,wherea �re wall �lters thenetwork traf�c between
thevisualizationworkstationandthecomputersof thecluster.
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issued(step2). TheTCP/IPchannel(classTCPChannel ) is usedto packthemes-
sageinto abuffer (step3), which is communicated(alongwith themessagetag)to
themasternode(step4) throughtheTCP/IPchannel.Uponits receipt,themessage
is unpackedby themaster(step5) asdescribedin SectionC.3. Sincethemessage
will beforwardedto theothernodesusinganMPI broadcastprimitive (insteadof
TCP/IP),it is repacked usingtheMPI broadcastchannel(classMPIBChannel )
(step6) andsent(step7). At the end,all nodesreceive the messagewhich they
decodeasin SectionC.3(step8).

ThealgorithmhasbeendescribedhereusingtheTCP/IPprotocolto communicate
betweenthe visualizationworkstationandthe masternode. However, the archi-
tectureis not dependenton theusageof TCP/IP, andthis protocolcanbereplaced
with a higherperformanceone. Valid alternativesareGlobus I/O andHTTP, but
we didn't testeitherof them.
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