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Chapter 1

Intr oduction

This thesisdealswith the registrationof medicalimages,andparticularlyimages
coming from different subjects. Intersubjectregistrationis a fundamentabprob-
lem in medicalimageanalysis.It facilitatesanatomicacomparisonsndstudies,
andprovidesa generaimethodto sggmentalmostary medicalimageby usingan
anatomicahtlas. If we have an“atlas” imageandits sgmentationthenary sub-
jectimageof thesamepartof thebodycanbe segmentedy registeringit with the
atlasandthenpropagatinghe atlassegmentatiorin the subjectgeometry

Atlasto subjectregistrationis adif cult problem.Althoughwe registerimageghat
representhe sameanatomicaktructuregmostlythe brainthroughouthis thesis),
the anatomyof differentindividualsis generallydifferent. The problemis further
complicatedif one of the imagescomesfrom a patientwith a pathology This
cases commonlyencountereth atlasto subjectregistration,whentheatlasimage
representa healthyanatomyandthe subjectis a clinical patient.In neuroscience,
thisis alsosometimeshe case gvenif thesubjectis supposedo be healthy

Throughouthisthesiswe follow a multidisciplinaryapproactto registration,and
addresghe issueregardingboth the quality of the result, and the integration of
the registrationsoftwareinto the real clinical world. We thereforealsotacklethe
problemsof computatiortime, andtake the rst stepstowardstheintegrationwith
clinical visualizationsystems.

1.1 Context

Thetwo clinical applicationghatareaddresseth this thesisinvolve the segmen-
tation of variousstructuresn the humanbrain. Both applicationsareinvolved in
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pre-operatie planning,andthegeneralmethodsaresimilar. However, their practi-
calrequirementsnayslightly differ, particularlyregardingthesizeandlocalization
of the structuredo segment.

1.1.1 Conformal brain radiotherapy

Thetreatmenbf cerebratumor mayinvolve sugery radiotherap, or chemother
apy. Theradiotherap usingoneor moreirradiatingbeamsmnustsatisfytwo goals:
thedestructiorof thetumorandthepreserationof healthystructuresSpecialcare
mustbetakenin orderto presere “high-risk” anatomicaktructureghatarevital
for the patients life or living comfort: eyes,opticaltracts,brainstem,etc.

Optimizingthe positionandtheshapeof thebeamrequiresanaccuratdocalization
of differentstructuregtumorsandhighrisk structures)Differenttechniquesising
photonbeamsallow to achiere bothgoals:

Many beamamaybeused.

Theintensityof the beamanaybe modulatedduringirradiation. This tech-
niqueis called“Intensity ModulatedConformalRadiotheray'.

The shapesandpositionsof the beamsmay be modi ed, dependingon the
lesionsto irradiate and the healthystructuresto avoid. This techniqueis
called“3D ConformalRadiotheray’.

Whenlocalizingthesestructurestherequiredevel of accurag is dependenbnthe
structure:we arelooking for anaccurag of aboutlmmfor small structuressuch
the opticaltracts,andwe cantoleratea lower accurag (of about2mm)for larger
structureslike the brainstem.

The quality of the treatmentis evaluatedby quantifyingthe amountof radiation
deliveredto thelesionandto highrisk organs.In orderto achieve a satisfyinglevel

of safety anextremeaccuray is requiredat eachstepof thetreatmenthain: data
acquisition segmentatiorof structuresde nition of thebeamsandcontrol of the
patients positionduringirradiation. Therisk in caseof failureis high: partsof the
tumortissuemay survive thetherapy with lethalconsequenceandtheirradiation
of healthystructuresmay inducelossof sensesand/ormovementability, or even
death. Sincethe clinical act mustbe very accurate,it requiresa large amount
of time. Varioussoftware tools may help the clinician at different stepsof the
procedure:



Figurel.1: A sliceof the3D anatomicahtlasfrom the CentreAntoineLacassagne
(Bondiauetal. (2004)). The T1-MR image(a) hasbeenmanuallylabeled(b).

1. Theacquiredmagesaretransferedo the “treatmentplanningsystem”,and
they arerigidly registered. This registrationstepis multimodal, sincethe
imagesaregenerallyacquiredusingdifferentmodalities.

2. Thestructuresf interestaresegmented.

3. Thepositionsof thebeamsarecomputedusinginformationprovided by the
rst two steps.

4. Thetumoris irradiated.

Traditionally the sggmentationof brain structuress manualand eachstructure
hasto be delineatedn eachslice of a 3-D image(e.g. MRI). Thetreatmenteam
spendsa signi cant amountof time to delimit the structuresof interest(eyes,op-

tical tracts,etc.) with the precisionrequestedor the conformalradiotherap. An

automaticsggmentationalgorithmof all the critical structuresn a patientimage
is thenan invaluabletool for radiotherap, andits main requiremenis a precise
delineationof the structuresof interest. We are investigatingthis applicationin

closecollaborationwith the Cente AntoineLacassgne hospital (33 Avenuede
ValombroseP6189Nice cede 2, France).

In orderto extractthe structuresof interestin a speci ¢ patients image,Bondiau
et al. (2004) built a numericalreferenceatlasof all thesestructures. The sey-
mentationapproackconsistan usingmatchingtechniquego warp this atlasonto
onepatients image. Theatlas(Fig. 3.2b)wasmanuallylabeledfrom anarti cial
MR image(obtainedfrom the Brainweld, seeFig. 3.2a). The rst stepis a rigid
matchingbetweerthe atlasimageandthe patientMRI's (usually T1, T2 andT1
injected).Therecoseredtransformations re ned usingnon-rigidregistration,and
thenappliedto thelabelsof theatlasin orderto obtainasegmentatiorof thepatient
image.

The nonlinearregistrationstepis challenging: First, dueto its multi-subjectna-
ture, this registrationproblemis generallydif cult. Thetopologyof the brain,the

http:/www.bic.mni.mcgill.ca/brainweb/



shapeof the ventricles,the numberandshapeof the sulcivary stronglyfrom one
individual to another The idealtransformatioris smoothin someplacesandhas
ne detailsin others.Thus,not only do we have to dealwith the ambiguityof the
structureso match,but we alsohave to take into accountthe large variability of
the deformationsetweerthe two brains. Secondanissuethatarisesin our case
is the presencef pathologiesn the patientimage,suchastumorsor suigical re-
sections. Thesestructureshave no equivalentin the atlas. They usuallyleadthe
non-rigidregistrationto importanterrors,especiallyaroundthe pathologywhichis
theareaof interestfor radiotherap. Finally, a softwarerunninginsidetheclinical
environmenthasto ful I somerequirementsinkedto thepracticalorganizatiorof
hospitalwork. Oneof theseis the computationtime, which shouldbe low when
comparedo the durationof the pre-operatie planningitself. In orderto simplify
the problem,the atlasimagewaschoserto be of the samemodality asthe patient
imageswhich allows usto performa (simplerandfasterymonomodategistration.

1.1.2 Stereotacticneurosurgery for DeepBrain Stimulation in Parkin-
sonianpatients

DeepBrain Stimulation,the secondclinical applicationwe considerin this thesis,
is a procedureahat greatlyreducedisablingsymptomsn patientsof Parkinsons

disease:walking problems,tremor rigidity, slov movement. It usesa battery-
powereddevice calledneunostimulator which electricallystimulatesspeci ¢ areas
in the brainthatareresponsibldor the abore-mentionedgsymptomslik e the sub-
thalamicnuclei.In essencehis device workssimilarly to a pacemar controlling

the beatof the heart. The neurostimulatohasthreeparts:the electrodethe exten-

sion, andthe neurostimulatoitself. The neurostimulatodevice is aboutthe size

of awatch(Fig. 1.2) andis normally implantednearthe clavicle. The electrode
(athin wire) is insertedinto the skull andimplantedin the targetinsidethe brain.

Theextensionis a wire passedinderthe skin connectinghe electrodeo the neu-

rostimulator Oncein place,the neurostimulatosendselectricalsignalsthrough
the extensionwire andto theelectrodewithin the brain.

The introductionof the electrodeinside the brain is performedthroughsuigery
At the La Pitié Salpétriérehospitalin Paris, a metallic non-magneticstereotactic
frameguidesthe electrodesinsertion(Fig. 1.3). This frame, x edon the patients
headandvisible from differentmodalities(T1-weightedand T2-weightedVR im-
agesandCT-scans)js usedasa geometricaleferential. Thetametis rst located
on pre-operatie images,and thenthe path of the electrodeds plannedthrough
the parenchyman orderto avoid high risk structures. At the beginning of the
procedurethe sugeonperformstwo holesin the skull in orderto accesghe two
hemispheresThe areasurroundinghe subthalamiamucleiis exploredsystemati-
cally with the electrodejn orderto preciselydeterminghetamgetlocation.
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Figurel.2: TheMedtronic® Kinetraneurostimulato(bottom-left)andits Access
Theragy Controller(top-right),allowing its controlby a physician.Theimplanted
stimulatoris aboutthe sizeof a watch.Imagecourtesyof Medtronic,Inc.

Figure 1.3: Stereotactidmplantationof electrodesn the subthalamiauclei for

the Parkinsons diseaseat the La Pitié Salpétrierehospital (Paris, France). The
stereotactiframesx edontheskullis usedasareferentiabndasaguidingsystem
for the electrodesTheimageis courtesyof Medtronic,Inc.



Oneof themostdif cult partsof the interventionis the accuratedeterminatiorof
the tamget. Like in the previous application,the patientimageis registeredwith
an anatomicalatlas,and sggmentedstructuresn the atlasare deformedtowards
the patients geometry The positionsof the patients subthalamimuclei are es-
timatedby transformingtheir positionsfrom the atlas. The requirementgor the
registrationalgorithmare similar to the onesimposedby the conformalbrainra-
diotherap planning. The registrationis multi-subject,which, onceagain,means
that the degreeof smoothnessf the transformationgs highly variable. Further
more,sincethe structuresve arelooking for aresmall, a high degreeof regularity
is requiredfor their contours. The pre-operatie planningbeingdonein a single
day, theregistrationshouldonly take a minimal amountof time.

A requiremenbf this applicationis thatthe algorithmworks not only for the sub-
thalamicnuclei, but alsofor the othercentralgrey nuclei. This mayallow to gen-
eralizethe usageof the algorithm for other nearbyanatomicalstructures. The
accurag we arelooking for is of about2mm.

1.1.3 Discussionon the clinical requirements

Thetwo clinical applicationspresentedn this sectionhave commoncharacteris-
tics. First, they requirethe sggmentationof structuresn the humanbrain. Sec-
ond, the choserapproactis for boththe registrationof the patientimagewith an
anatomicalatlas. This registrationis multisubject,so the algorithmwill have to
dealwith theambiguityof matchingtwo brains.

However, eachapplicationhasa speci ¢ challenge. On one hand, patientsthat
mustundego conformalbrain radiotherap have eithertumorsor sugical resec-
tionsinsidethe brain. Thesepathologicalstructureshave no correspondenin the

atlas,andthereis a dangerto match“pathologicalvoxels” insidethemwith some
“normal voxel” in the atlas(belongingto a normaltissue). This would make the

registrationlocally fail. Ontheotherhandthesegmentatiorof thecentralgrey nu-

clei mustbevery accurateandrespectfubf theanatomy:the contourprovided by

the algorithmshouldhave the strict shapeof the correspondinganatomicaktruc-
ture. Sincenoiseor partial volume effect tendto in uence the registration,it is

dif cult to ensureboth a high accurag, anda good regularity of the segmented
structures.

Regardingthe practicaluse, both applicationshave a time constraint. Sincethe
algorithmis to beruninsidetheclinical environment,its computatiortime should
alwaysbekeptlow with respecto thedurationof theclinical actitself. We believe
that5 minutesis areasonabléime limit.



1.2 Manuscript organization

Chapter2 presentghetwo clinical applicationghatled to theresearclpresented
in this thesis,and the way multisubjectnonlinearregistrationrepresents solu-
tion to them. A brief review of currently existing nonlinearregistrationmethods
shaws thata certainclassof algorithms(called“pair-and-smooth”)s appropriate
for solving our problems.However, currentlyexisting algorithmsof this classdo
notcompletelysuit our purpose.

In this frameavork, Chapter3 introducesa registrationalgorithmwhich addresses
the issuedlisted in the previous chapter:robustnesswith respectto imagenoise,
andtheability to incorporatea priori knowledgeaboutthe anatomyandpathology
A fastimplementatiorbasedon animplicit numericalschemaes alsopresentedas
well asillustrationson two clinical applications.

In Chapter4, we re ne the modelingof anatomicala priori informationwith the
introductionof anisotrop. This evolution enablesa regularizationdependenhot
only onthelocalization but alsoonthedirection. Thisideais appliedto thepreser
vationof the surfacecoherenc®f anatomicaktructures.

Chaptels addressethe computatiortime issue.ln orderto reduceexecutiontime

andenableabetterintegrationinsidetheclinical environment,we present parallel

implementationof the algorithm on a clusterof networked personalcomputers,
andalsodescribenovel parallelizationmethodsfor somecommonlyusedimage
processinglgorithms.

The effort to integrate the algorithm into a clinical image processingsystemis
continuedn Chaptef6. In orderto enablethe useof a graphicaluserinterfaceand
thustheembeddingf theregistrationsoftwareinto aclinical interactve processing
pipeline,theregistrationsoftwarehasbeenimplementedasa grid service callable
by agraphicalclient.

Finally, Chapter7 providesa summaryanddiscussiorof our contritutions,aswell
ashopefullyinsightful ideasto furtherextendthis work.






Chapter 2

Nonlinear registration: the
pair-and-smoothapproach

This chaptelbrie y overviews existing registrationtechniquesn view of our clin-

ical context (Sectionl.1). It revealsthata speci ¢ classof registrationalgorithms
called“pair-and-smooth’exhibits someinterestingfeaturesfor our clinical appli-

cations.However, someopenissueshave to be solwed.

2.1 A brief overview of nonlinear registration

The world of medicalimageregistrationcontainsmary differentmethodswhich
may potentiallyful Il our requirements.This sectionreviews sereral algorithms
that we found to be the mostrepresentate for the techniquegshey use,without
aiming at being exhaustve. For completeinformation, we refer the readerto a
suney of registrationalgorithms(e.g. Maintz andViergever (1998);Hajnal et al.
(2001); Pluim et al. (2003); Modersitzki (2004)). We classify them along two
axes: the imagefeaturesthey considerfor matching,and the dimensionalityof
theirtransformatiorspace.

2.1.1 Featurespace

Basedon their featurespacetwo classe®f registrationalgorithmshave emeged.
Somealgorithms,that we call “geometric”, attemptto extract somehigherlevel

geometric(often anatomical)structuresin the image,andthenthey matchthese
structures.Others,called“iconic”, usetheintensitiesof all imagevoxelsin order
to estimatea transformation.



Geometricregistration

The dimensionalityof the geometricstructuresusedas featuresvaries. Points,
cunes or surfaceshave beensgmentedand matched,and differentmethodsto
extrapolatethis correspondenci® the entireimagehave emepged.

Thirion (1996a)usesdifferential operatoran orderto computecrestlines of the
brain. Basedon a randomlychosenstarting“seed” inside the brain, he usesthe
MarchingLinesalgorithmin orderto follow theline to the neighboringocations.
Ontheresultinglines, he estimatepointswherethe cunatureof theline is locally
extremal. The algorithmthenestimatesherigid transformatiorthatbestsuperim-
posegheextractedpointsin thetwo images.

Chui et al. (1999)userobust point matchingtechniquedo registercortical struc-
turesin brainimages.Rohretal. (2001)use3D extensionf 2D corneroperations
(Rohr(1997))in a semi-automatienethodgthat estimatesandmarksnsidebrain
images typically on the skull or on the suriaceof the ventricles.In their method,
the userselectsa region of interest,and corneroperatorsare appliedinsideit in
orderto estimatdandmarks After theusercon rmation, thesepointsarematched,
andthecorrespondenceseinjectedinto aninterpolatingthin-platesplinesmodel
(Bookstein(1989);Evansetal. (1991)).

Collins et al. (1996), followed by Collins et al. (1998),add the information pro-
vided by the brain sulcal lines to an iconic registrationalgorithm (see Section
2.1.1). Thesulci sggmentatiormethod calledSEAL (SulcalExtractionandAuto-
maticLabeling)usesanactive modelsimilarto asnale, whichis submittedo a set
of forcesderived from thelocal imagecharacteristicg§Le Goualheretal. (1997)).
The extractedsulci are matchedusinga chamferdistancefunction asa similarity
criterion (Sandorand Leahy (1995)). Vaillant and Davatzikos (1999) integrated
sulcalinformationinto a registrationalgorithmbasedon surfacematching.

Sulcallineswerealsointegratedinto iconic registrationalgorithmsby Hellier and
Barillot (2001)(seealsoHellier andBarillot (2003))andCachieretal. (2001).In
thelastapproachsulciareseggmentedn four steps:non-uniformbias eld correc-
tion, segmentatiorof grey matter/CSFhomotopicskeletonizatiorandsplittinginto
simplesurfaces. An algorithmbasedon a neuralnetwork trainedon a manually-
labeledset(Riviereetal. (2000))is thenusedin orderto labelthesulci. Thesulcal
lines are insertedas an additionalterm into a registrationalgorithm basedon a
variationalapproachseetheiconic registrationsectionbelaw).

Ferrantetal. (2000) rst sggmentthe externalsurfaceof the brainandthe surface
of the ventricles. An active surfacealgorithm deformsthe segmentedbordersin

oneimageinto the samebordersfrom the otherimage. The surfaceis modeled
asanelasticmembranedeformedby image-dwenforces.Theresultingdisplace-
menton the bordersis theninserted basedon a nite elementmethoddeveloped
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by Cohenand Cohen(1991), into a linearly elastic nite elementmodelwhich
computesidisplacementor eachnodeof avolumetricmeshthatcoverstheentire
brain. Surfacematchinghasalsobeenusedby ThompsorandToga(1996)to drive
theregistrationof brainimages.

Liu et al. (2004) perform multi-subjectregistration by matchingthe grey mat-
ter/whitemattersurfacesof the two brainsandcouplingthis informationto a vol-
umetricmapping(Shenand Davatzikos (2002)). Ganseret al. (2004) proposean
electronicTalairachand Tournouxatlas (Talairachand Tournoux (1988, 1993)).
The authorsinteractvely sggmented49 anatomicalstructures(ventricles,thala-
mus,putamenegtc.) insidethe atlasMR image.Four classe®f structuresarealso
sgmentedn the patientimage: corte, ventricles tumorsandsulci. After anini-
tial registrationstepusingthe Talairachreferential the authorsusethreeseparate
matchingalgorithmsfor differenttypesof structuregcortex, ventriclestumors)in
orderto re ne thedeformationin aradial basisfunctionsframework.

All the methodsdescribedn this sectionhave two aspectsn common: 1) They
dependon aninitial segmentatiornof “relevant” structuresn theimages.2) They
requirethecorrectmatchingof thesestructuredo performtheglobalregistrationof
theimages.Thesemethodshave theadvantageof beingpotentiallyableto achieve
a very goodaccurayg on the structures.However, for our two applicationsthey
presenthreedravbacks:

1. Sggmentationis by itself a dif cult problem.Few automaticmethodsexist,
and, like in the caseof mary otherclasse®f algorithms(including regis-
tration), mostof themare not 100%reliable. Whereasa minor, localized
sgymentatiorerrorwould go unnoticed problemsn theinitial sgmentation
may becomeacuteif the segmentationis usedin orderto matchthe entire
image. In this case the shape®f supposedlorrespondingtructuresmay
differ in an anatomicallyincoherentmanner with unpredictableaesultson
thequality of the nal registration.

2. Thematchedeaturesio notcovertheentireimage.Theaccurag of thecor
respondenceeld they provide tendsto bevalid only in theirneighborhoods,
andresultsgenerallydegradein regionsthatarefar away from them. Fur-
thermore the relative positionof differentstructuresnsidethe braintends
to vary in anonlinearway from onesubjectto another(e.g.achiesing a per
fect registrationof the ventriclesandthe cortex doesnot guaranteea good
registrationof the putamen).

3. In bothapplicationsthe structuresve wantto segmentsometimesxhibit a
low contrastandthereforecannotbe usedasfeatures Contrastedtructures
aregenerallyfar avay, sotheir correspondencgarovidesinaccuratenforma-
tion (asexplainedatitem 2).
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Let usthereforeexaminea seconcclassof methodghatestimatecorrespondences
in two imageswhich have theadwantageof usingtheentireinformationavailable.

Iconic registration

Thesemethodgely ontheoptimizationof asimilarity criterion betweertheinten-
sitiesof thetwo images.Theregistrationis performedoy optimizingthis criterion
with respecto the transformation.Sofar, mary similarity criteriahave beenpro-
posed.Thissectionreviews someof themostwidely used.Let us rst de ne some
notationghatwill beusedin this sectionandthroughouthe manuscript:

| andJ arethetwo imagesto register Sincewe usuallywork in 3D, the
imagesarede ned asfunctionsR® ! R. Remarkthatimagesarediscrete
andhave a nite spatialsupport. By consideringtheir discretenature,and
Ny, Ny andN; thenumberof voxelsalongthex, y andz axes,thenanimage
isafunctionde nedon = [L:iNy] [L::Ny] [1::N ] with valuesin R.

p 2 R%is a3D point. For agivenimagel , | (p) is theintensityof theimage
at this point. If p 2 Z3 (we call it a voxel), its intensity can be directly
recoreredfrom the 3D arraythatrepresentsheimage. Otherwise|ts value
hasto be interpolatedfrom the valuesof its neighbors.For a goodreview
of existing interpolationmethodsthereadershouldconsultLehmannet al.
(1999)or Théwenazetal. (2000).

T is atransformatioffmapping)thatlinks somepointpin | toits correspon-
dentgin J. Forsimplicity, T : R3 | R3. U is the correspondinglis-
placementeld (U : R® | R3),denedasU(p) = T(p) p. Applyinga
transformatiorT to animageJ yieldsanimaged °whereJYp) = J(T(p)).
In thiscasewe saythatJ®°= J T. We extendthis notationto thedisplace-
ment eld: J9= J U if andonlyif Jqp) = J(p+ U(p)) for all points

p.

Onecan“compose”two displacementelds by composingheir associated
transformations.Let U; andU, be two displacementelds and T, and T,
their associatedransformations.If T1(p) = p+ Ui(p) andT(p) = p+
Uz(p)), then(Ty  T2)(p) = T1(T2(p)). Therefore{Us Uz)(p) = Us(p+
Uz(p)) + Uz(p).

Sum of squared distances(SSD) This simplesimilarity criterionmakesthe as-
sumptionthattwo correspondingoxelshave (almostithesamentensity For some

12



pointp 2 |, T(p) is found by minimizing the function (I (p) J(T(p)))z. By
integratingover the entireimage the criterionto minimizeis
VA
SSD(1;J;T)=kI J Tk®= (1(p) JI(T(p))2dp
p2
A widely usedmethodto minimizethe SSDis the optical o w (Horn and Schunk
(1981)),which computeghedisplacement) asaniterative minimization

U usl 1Y,
kr Ik

This criterionis relevant only if the two imageswhereacquiredusingthe same
modality Evenso,its validity maybe doubtful,especiallyif oneimageis affected
by a bias. Differencesn thetuning of the acquisitionequipmenusedfor the two

imagesalso partially invalidatethis criterion. Thus, other similarity criteria may
benecessary

Correlation coef cient (CC) The correlationcoefcient hasbeenwidely used
asarobustsimilarity criterion (KerivenandFaugerag1998);Netschetal. (2001);
Ourselinetal. (2000)). It is relatively constrainedandit measures globalaf ne
dependencbetweertheintensitiesof thetwo images:

z

CC(1;3;T)=ki alJ T b=ming, (I(p) aJ(T(p) b?dp
p

In orderto avoiding a minimum of the criterion whenthe overlap of the two im-
agesis small, Rocheet al. (2000) proposedts renormalizatiorto CC(1;J;T) =
ki aJ T bk =Var|[l ], whereV ar[l ] is the varianceof the intensity of the
imagel . Letusalsodenoteby E [l ] themeanintensityof theimagel . Theestima-
tion of theaf ne parameters andb leadsto thefollowing criterionto maximize:

CC(:3:T) = p E[I]JE[J T] E[IJ T]

(EN? ENP)(EII T) ER TP
A localvariantof this criterionhasbeenintroducedby CachierandPenne¢2000).
By de ning the local averageof animagearounda pointp asEp[l] = Gp I,
whereG,, is a Gaussiartenteredn p, andby integratedover p, we get

Z

p [Gp (I Gp DG 3 T G (I T)I

Thelocal criterion allows for the afne dependenc measuredy the correlation
coefcient to changedependingpn the positionin space.

13



Correlation ratio (CR) The correlationratio was introducedby Rocheet al.
(1998)asa similarity measurdor multimodalregistrationandextendedto the de-
formablecaseby Guimondet al. (2001a). It generalizeghe afne dependenc
encountereh the correlationcoefcient to anarbitraryfunctionalrelationship

kKl f(d T)k?
Var(l]

CR(l;J;T) = ming

Here,f is afunctionthatmapstheintensitiesof theimaged andJ.

The Woodscriterion (W) WhenregisteringMR andPET imagesWoodsetal.
(1993)assumedhattherangeof valuesin the PETimagecorrespondingo a par
ticular valuein the MR imageshouldbe minimized. If ; is the subre@ion of the
overlappingmagespace whereimageintensitiesnimageJ T arej,and jand

j are,respectrely, the averageintensityandthe standardieviation in imagel of
thesubrgion ;, thenWoodscriterionis

1 X j

i

W(l;J;T) =

In theequatiomabore, k k denotegshe numberof voxelsinsidetheregion

Joint entropy (JE) In thediscretecase for thetwo imageto matchat eachopti-
mizationstep(l andJ T), thespatiallycorrelatedpresencef, respectiely, the
x valuein imagel , andthey valuein theimaged T providesa quantityof in-
formationequalto log,p(l = x;J T = vy) (wherep(l = x;J T =Yy)
is the probability). The a/eragequargitypf informationis called the joint en-

tropy of the two imagesH (1;J) = y xP(l=xJ T=y)logp(l =
x;J T = yp Inits continuousversion, the joint entrofy hasthe expression
H(;J) = X;yZwa (X y) Infy3 v(x;y) dx dy (wheref,.; T is thejoint

distribution of theintensitiesof theimagesl andJ T). Thiscriterionwasused
for multimodalregistration(Collignonetal. (1995); Studholmeetal. (1995)):

JE(;3T)=H@U:d T)

The Shannorentiopy is de rﬂﬁd (similarly to the joint entrogy) for a discreteran-
domvariableasH(l) = « P(I' = x) log, p(I = x).dts continuousversion
(calleddifferential entiopy) hasthe expressiorH (1) = wor1(X) Infy(x) dx
(wheref | is thedistribution of theintensityof theimagel ).

Mutual information (MI) Mutualinformationis alsousedasa similarity crite-
rion for multimodalregistration(Collignon et al. (1995); Viola (1995);Viola and
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Wells (1997)). The criterionto maximizemeasuresghe distancebetweerthe joint
distribution of thetwo image(f,.; 7(X; y)) andtheir joint distribution in caseof
independencé | (x) f; 1(x)): .

, frar(xy)
x;y2Rf|;J 7(X;y) log, 09T, 104

H()+H@ T) H({;J T)
Thiscriterionis in widespreadise(e.g. Hermosilloetal. (2002);D'Agostino etal.

(2003)),sinceit doesnotrequireary assumptiomnthetypeof correlationbetween
theintensitiesof thetwo images.

MI(l;J3;T)

Normalized mutual information (NMI) This criterionis a normalizedversion
of thepreviousone(Studholmeetal. (1999)):
H()+H@ T)

H(;J T)
Oneadwantageof this normalizedsimilarity measurés thatit avoidsthepossibility
of the mutual information increasingwhen the overlap region betweenthe two
images(l andJ T) decreasesThis measurevasusedfor variousregistration
applicationge.g.Rueclertetal. (1999);Dentonetal. (2000);Rohl ng andMaurer
(2001)).

NMI(I;3;T) =

Entropy correlation coef cient (ECC) Anotherway to normalizethe mutual
informationwasproposedy Maesetal. (1997);Collignon (1998):

2(H(IY+HI T) H@;3 T))
H(I)+H@ T)
Thismeasurés relatedto theNMI (ECC = 2 2=NM ).

ECC(;J;T) =

Discussion In atlasto subjectregistration,the atlasimageis choseno be of the
samanodalityasthepatientimageqseeSectionl.1). Thissimpli es thesimilarity
criterion, andgenerallyallows us to usethe SSD.In practice,this “monomodal”
registrationproblemis moredif cult: theparametersf theacquisitiondevice may
changeleadingto differentlevelsof intensitiedor thesameanatomicastructuren
differentimages;andtheimagesmay be affectedby bias. In suchsituationsmore
powerful criteria, suchasthe global or local correlationcoefcient arenecessaty
For simplicity, we illustratethe algorithmpresentedn this thesisusingthe SSD,
but it canbereplacedf neededvith morepowerful similarity metrics.As for our
applicationswe areonly interestedn monomodakegistration,we do not expect
thisto have ary in uence ontheresults.
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2.1.2 Transformation space

The model of transformationdetermineghe quality of the resultin an essential
manner The numberof degreesof freedomthatareallowedfor thetransformation
rangedrom therigid transformatior(6 degreesof freedom)to the densedisplace-
ment eld (one3D vectorpervoxel). This sectionprovidesa brief suney of the

mostwide-spreadransformatiormodels.

Rigid / af ne transformation

Thesearethe simplestmodels.Therigid transformatiorassumeshatthe two im-

agepresenthesameobjectsin thesamestate put in differentpositions.Therefore,
the transformatioris modeledthrougha rotation/translationmatrix (6 degreesof

freedom).Theaf ne transformatioris a generalizatiorof the rigid one: therota-
tion is replacedby a generallinear transformationmatrix, thusaddingshearand
scalingandincreasinghe numberof degreesof freedomto 12. Rigid registration
isthemostappropriatdor non-deformablebjectge.g.thehead)if thetwoimages
belongto thesamesubjectandno suigical interventionhasoccurredbetweertheir

acquisitiontimes. Af ne registrationis the simplestform of deformableregistra-
tion, andit canbe usedif deformationsarevery low. A large amountof work has
beendedicatedo recovering rigid andafne transformationge.g. Woodset al.

(1993); Collignon et al. (1994); Hill etal. (1994); Collignon et al. (1995); Maes
etal. (1997); Viola andWells (1997); Bro-Nielsen(1997); Ourselinet al. (2000,
2001)),and computationtimes are generallylow, which makesthemwell suited
for clinical use(Ourselinetal. (2002)).

Parametric deformations

The deformationis modeledusing a tunablenumberof parameterslarger than
the 12 parametersf anaf ne transformationandgenerallymuchlower thanone
vectorpervoxel.

In orderto achiere a fastimplementationof elasticity-basedleformationmod-
els (previously introducedby Broit (1981); Bajsg/ and Broit (1982); Bajcsyand
Kovacic (1989)asdescribedn the next section),someauthors(Geeetal. (1993);
Ferrantet al. (2002); Rexilius et al. (2001)) representhe deformationsby the
position of the nodesof a tetrahedrizatiorof the image space,and provide an
interpolationmethodfor the restof the image. This techniquewas extensvely
usedfor brain-shiftdetection(Ferrantet al. (2002); Rexilius et al. (2001); Clatz
etal. (2003)).1t alsoadmitsvery ef cient parallelimplementationgWar eld etal.
(2002);Sermesangtal. (2003)).
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Anotherwidely usedmodelof transformatioris basedon splines. Someauthors
usedB-splinegRueclertetal. (1999);Dornieretal. (2003);Hufnageletal. (2005))

in orderto modelrelatively smoothdeformationsOthers(Evansetal. (1991);Rohr

etal. (2001))usedinterpolatingthin-platesplines(Bookstein(1989)),which have

a bendingenegy that can control the smoothnessf the deformation. The main

disadwantageof this kind of methodis thatthe computatiortime tendsto become
very large whenrecovering high resolutiondeformations.One potentialprogress
may comefrom the useof Non-UniformRationalB-Splines(Piegl (1991)),which

allow for unevenly spacedontrolpoints. This mayenablea multi-resolutionmod-

eling of the transformationableto recorer ne deformationsn certainareagby

usingmary controlpoints),andsmoothe(andeasyto compute)onesin others(by

usinglesscontrolpoints).

Rohdeetal. (2003)proposed multiresolutiontransformatiorbasecn RadialBa-
sisFunctions.They select,onamulti-resolutiongrid, the pointsthatbestoptimize
the normalizedmutualinformationin orderto drive a radial basistransformation
model.Thanksto thelocal supporiof theradialbasisfunctions thesimilarity crite-
rion is only computedor arelatvely smallnumberof voxels. A similar threshold
onthegradientof the costfunctionhaspreviously beenusedby CollinsandEvans
(1997). The multi-resolutionframevork allows a spatiallyadaptve descriptionof
the transformation. Its effective precisionis limited to the nal grid resolution
(smallerdetailscannotbe modeled) which hasto remainrathercoarsen orderto
achieve reasonableomputatiortimes(reportedoy Rohdeet al. (2003)to be of up
to 3 hoursfor typicalimagesanda nal grid of size17x17x15).However, asthe
authorspredict,thistime maybesigni cantly decreasebly a parallelimplementa-
tion.

Locallyrigid or af ne transformatiorhave beenusedasa meanto reducehenum-
berof degreesof freedom.Hellier et al. (2001)usea multi-resolutionapproachin
which they divide the imagespaceinto “uniform resolution” cubes. Inside each
cube,an afne transformationis used. Pitiot et al. (2003) also estimatelocally
afne 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 whichthedisplacemenis obtainedby integratingaweightedcombination
of rigid or af ne transformations.

Displacement elds

Displacementelds lie attheextremesideof thetransformatiorspectrumForeach
pointin oneimage,thedisplacementeld containsa (3D) vectorthatspeci esits
relative position(displacementafterthe motion. However, the numberof degrees
of freedomprovided by displacementelds is too large for mostapplications We
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would like the recavereddisplacemento be continuousandsmooth,muchlike in

thecaseof realphysicaldeformationsThisis necessarif wewantananatomically
meaningfultransformation:the position of differenttissuesis not inverted, and

thereare neithertissuecuts nor tissuecontractions. Therefore the displacement
eld is generally‘regularized”in orderto enforceits smoothness.

The rst registrationalgorithmsusing displacementelds (Broit (1981), Bajsy
andBroit (1982))simulatedreal world elasticdeformations.They werelater ex-
tendedo amultiresolutionframenork by BajcsyandKovacic (1989). Theregular
izationmayalsobedoneby convolving thedisplacementvith a GaussiarfThirion
(1998)),0r by applyingmorecomplex lters (Bro-Nielsenand Gramlow (1996);
Hermosilloetal. (2002); Tchumperlg2002)).

Themaindravbackof the modelis thelarge memoryspacerequiredby thetrans-
formation. However, it accumulateswo adantageghat make it extremelywell
suitedfor intersubjectregistration:

1. It canrepreseng nonlineartransformatiorwith anarbitrarily large number
of degreesof freedom(1 displacementectorperimagevoxel). Thus,it can
potentiallybestcapturehe ne differenceghatexist betweertwo brains.As
wewill seein Chapters8 and4, adisplacementeld canverywell represent
transformationghat are smoothin someareas,and presentne detailsin
others.

2. Algorithms controlling the local level of regularity of the deformationare
computationallyvery ef cient (Chapter3). Furthermorethesealgorithms
canbe easilyimplementedon parallelcomputerswhich leadsto low com-
putationtimes(Chapterb).

The above reasonded us to usea densedisplacementeld in orderto represent
deformationsSection2.2 reviews someof the currentlyexisting registrationalgo-
rithmsbasedn densealisplacementelds.

2.1.3 Registration of imagescontaining pathologies

Up to know, we have assumedhat therewas an anatomicallymeaningfulcorre-
spondencdéetweenall the voxels of the two images. When registering patient
imagescontainingbraintumorswith ananatomicahtlas,voxelslocatedinsidethe
tumor have no correspondencin the atlas(which is generallyanimagecoming
from a healthysubject). Numerousmethodsandtools have beenalreadydevised
to addresson-rigid registration(Maintz and Viergever (1998)), but much fewer
dealwith this kind of pathologicabbnormalities.
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Kyriacouetal. (1999)usedabiomechanicamnodelingof thebrainandtumorbased
onnon-linearelasticity In the caseof multi-subjectpatient/atlagegistration,elas-
tic modelsare of low relevangy, sincethetransformatiorto recover doesnot cor

respondo a physicaldeformation.FurthermoreChristensertal. (1996)shaved
thata uid componentis neededn orderto recover large deformationssuchasthe
onesimplied by multi-subjectregistration. Therefore,algorithmsbasedentirely
on elasticdeformationsmay not be ableto recover the differencesbetweentwo

differentsubjects.

Dawantetal. (2002)proposedo arti cially introducethepathologyin theatlas.A
rst non-rigid registrationbetweenpatientandatlasyields aninitial deformation
thatis usedto implant a “pathology seed”inside the atlas. This deformationis
thenre ned by non-rigidly registeringthe subjectimagewith the seededatlas.
Later, BachCuadrat al. (2004)addeda tumor gronth modelto the algorithm. In
this framework, the main problemis the rst registration,which caneasilyfail,
especiallyif the pathologyis locatedcloselyto the brainborderor theventricles.

RecentlyLiu etal. (2004)modi ed theHAMMER algorithm(ShemandDavatzikos
(2002)) in order to use statisticalinterpolationin “non-correspondig regions”

(supposedo beinsidethe tumor). This enableghe algorithmto registertumor

diseasedmageswith an atlas. Suchan analysismay presumablybe unreliable
for multisubjectregistration,whereit is hardto distinguishbetweernregionsthat
“do not correspond’becausehey are pathological,and other regions wherethe
anatomyin thetwo imagess justalittle different.

2.1.4 Our approach

In summaryin our opinionthealgorithmrequirementarethefollowing:

1. In orderto avoid tediouspre-sgmentatiorstepgo which thealgorithmmay
potentiallybevery sensiblethe similarity of the two imagesshouldbe esti-
matedby directly usingthe voxel intensitiesasfeatures.Therefore the al-
gorithmwill constantiytry to “ pair” eachvoxel from oneimagewith some
voxel from the other

2. A densedisplacementeld guaranteeshat the transformationcan be po-
tentially representedt it maximallevel of detail all over theimagespace.
This eld undegoesaregularization(* smoothing') stepwhich controlsthe
local level of detail/regularity. This choiceprovidesa e xible transforma-
tion model, while still giving the ability to estimateit in a multiresolution
manner As describedn the following chaptersthe algorithmsallowing
to locally controlthe level of resolutionarevery fast. Furthermoresincea
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displacemenis explicitly describedor eachvoxel, thisapproachmaypoten-
tially enabletheintroductionof geometridnformationatalow cost(Cachier
etal. (2001)).

Following a classi cation of registrationalgorithm presentedy Cachier(2002),
we call this classof algorithms*pair-and-smooth”.

2.2 The pair-and-smoothapproach

Numerougairand-smoottalgorithmshave beenproposedn thelastdecadeand

the techniqueis relatively mature. This sectionperformsa brief synthesisof the

mostimportantalgorithmsthatwill sene asabasisfor thedevelopmentgproposed
in thisthesis.

2.2.1 A summary of existing pair-and-smoothmethods

In orderto ensurethe invertibility of the recoveredtransformation,Christensen
etal. (1996)proposedh nonlinearregistrationalgorithmbasedon a physical uid
dynamicamodelof deformation(Christensertal. (1994a,b)).Thealgorithmuses
threedisplacementelds, which areall initialized to 0: the nal displacemenu,
andtwo intermediateones(u andv). The displacements estimatedthrougha
four-stepiterative process:

1. Performa gradientdescentstepon the SSD similarity criterion betweenl
andJ U in orderto recorerasmallcorrectioneld u.

2. Computethevelocity eld v usingthe Navier-Stokesequatiort with u asthe
externalforce
v+ ( + )r(r v +u=0

3. Computethe associategherturbatiorR in the Eulerianframenork (where
is thetime step,andr U is theJacobiammatrix eld of U).

R= (v+ruUTv)

4. Computethe Jacobiarof theperturbedeld U + R. If the Jacobiaris close
to beingnegative in someplacesthentheupdatedeld U + R isin dangeiof
notbeinginvertible. If so,updatehedisplacementld throughcomposition
asU U ( v)andreinitializev to 0. Otherwiseupdateit throughexplicit
Eulerintegration:U U + R.

Themodelhasbeensimpli ed by neglectingthe pressurgyradientandtheinertial terms.
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5. Goto stepl.

The procedurewhich ensureghat the recovered transformationis a diffeomor
phismis called "regridding": the time integrationis performedin the Eulerian
framework; andif the Jacobianof the transformationis in dangerof becoming
negative, the non-irvertibility is avoidedby usingcompositionratherthanexplicit
Eulerintegration. Although the invertibility of the transformationis ensuredthe
model hastwo dravbacks. First, althoughthe recavereddisplacementeld is a
diffeomorphismthe purely uid modelof deformation(allowing very large defor
mations)maylocally bring thetransformatiorvery closeto singularity: a Jacobian
that,althoughpositie, is very closeto 0 (alarge volumecontraction)or very large
(alarge volumeexpansion).This amountgo hugevolumecontractionor expan-
sions.Secondtherearetwo reasongor which thealgorithmis extremelyslow:

1. TheNavier-Stokesequatioris solvedthroughsuccessie overrelaxation(Chris-
tenseret al. (1994a)),which computesan accuratelyuid modelat the ex-
penseof alarge computatiortime.

2. Themethodrequiresateachiterationthecomputatiorof the Jacobiammatrix
of thedisplacementeld, whichis computationallywery expensve.

Hence,Christenseret al. (1994a)reportcomputatiorntimesthat areaslarge as2
hoursonal1l28 128MasRarcomputerandl.4daysfor aMIPS R8000processor
foracoupleof 128 128 100images.Bro-NielsenandGramlow (1996)propose
afasterversionof thealgorithmby implementingthe uid modelasa corvolution
Iter ratherthanby successie overrelaxation.This hasreportedlydecreasedhe
computatiortime by anorderof magnitude.

Lesteret al. (1999) extendedthe uid registrationalgorithm proposedoy Chris-
tensenet al. (1994a)to variableviscosity They modelthe imagespaceasa in-
homogeneousuid, whoseviscosity variesspatially The methodusesthe suc-
cessve overrelaxationmethodto solve the model,which leadsto a computation
time penalty However, aswe will seebelawv, beingableto modelinhomogeneous
deformationss particularlyimportantin multi-subjectregistration.

Anotherway to guarantedhe invertibility of the transformatioris to simultane-
ously computethe transformationand its inverse. This method,developpedby
Christensen(1999) (seealso Christenserand Johnson(2001) and Johnsonand
Christenserf2002))solvesa problemcommonlyencountereéh nonrigidregistra-
tion: thetransformatiorthatdeformstheimagel into theimageJis nottheinverse
of thetransformatiorthatdeformstheimageJinto theimagel. In practice this al-
gorithmrequiredarge computatiortimes(e.g.onehourfor 256 3202D images),
andis thereforeincompatiblewith our clinical requirements.
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Thedemonsalgorithm proposedy Thirion (1996b) hastheadwantageof amuch
lower computatiortime, while beinganapproximatiorof the methodproposedy
Christenseret al. (1994a),asshavn by Bro-Nielsenand Gramlow (1996). This
algorithmhasbeenrelatively widely usedsofar (Bricaultetal. (1998);Webbetal.
(1999); Primaet al. (1998); Dawant et al. (2002); BachCuadraet al. (2004)). It
optimizesthe similarity criterionthrougha four stepalternatedninimization:

1. A correctioneld u is estimatedisinga renormalizedrersionof the optical
ow
I J U

u= > rl
kr Tk“+ (I J U)?

2. Thecorrectioneld u is regularizedusinga corvolution with a Gaussian.

3. The currentdisplacementeld is composedvith the correction eld U
u U.

This approacheliminatesthe two performancebottlenecksof Christensers uid
model: the computationof the Jacobiarand the resolutionof the Navier-Stokes
equation.Furthermoreeachiterationof thealgorithmis computedn alineartime
with respecto theimagesize,whichwasnot the casebefore.However, asshavn,
the modeldoesnot presentary mathematicafjuaranteesf corvergencetowards
aminimum: the estimationof the correction eld decreasetheregularity, andthe
Gaussianlter decreasethe similarity. Therefore Pennecet al. (1999)andlater
Modersitzki(2004) put the algorithmin a variationalframevork andshaved that
it minimizesa globalenegy. Although different,their methodsproposeto solve
theregistrationproblemby minimizing enegy functionscloseto theonebelow:

Z
— . 2
E = FSD(I{ZJ u?+ kr Uk (2.1)
similarity | _{Izt_}
regularity

underNeumannboundaryconditiong. In this formulation, the optical o w has
beenreplacedby a normalizedgradientdescenton the SSD similarity criterion,
whereaghe regularity is enforcedby decreasinghe gradientof the deformation
eld. The similarity term (pushingtowards bettersimilarity) and the regularity
term (pushingtowardsa moreregulartransformationjrelinked througha weight

2The Neumannboundaryconditionsspecify that, on the domainborder the gradientof U is
perpendiculaonthenormalto theborder(r UT r, wherer ? @ ).
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Cachieret al. (2003) introducedauxiliary variables(Cohen(1996)) to formalize
the alternateminimizationof the demons'algorithm,while preservingts compu-
tationalef ciency. Theenegy in Equation2.1is reformulatedas

Z Z
E = IE‘.SD(I{'zJ cg+ kC UK?+ kr Uk?
similarity I —{Z—} | —{Z—}
link regularity

Asin thepreviousalgorithm,onecanremarkthepresencef similarity andregular
ity terms.However, thepresencef themiddlelink termseparatethetwo variable
tooptimize(C andU) andguargnteethatthetotalenegy diminishesateachgradi-
entdescenstep.Thislink term  kC Uk? enforcegheresemblancbetweerthe
auxiliary variableC andthedisplacementeld U. The optimizatignis performed
in two steps.The rst partof the criterion(SSD(1;J C) + kC Ukz) is
minimizedthreughgradientdegcentvith respecto C (U being x ed). Then,the
seconcbart( kC Uk?+  kr Uk?)is minimizedwith respecto U (C being
x ed). Thisis doneby cornvolution with a Gaussian.

In orderto deal with inhomogeneousransformationsHermosillo et al. (2002)
regularizethetransformatiorusinganisotropiaiffusion,basednthelocalimage
intensitiesasdoneby NagelandEnkelmann(1986)(alsoseeAlvarezetal. (2000)).
They alsoderive somemulti-modalsimilarity criteria(mutualinformation,corre-
lation coefcient and correlationratio), in orderto optimizethemthrougha fast,
gradient-basetkchnique.Chefd'hotelet al. (2002) proposeda similar algorithm,
but usinga Gaussiarregularization,and shaved that it preseresthe diffeomor
phismpropertyon therecoreredtransformation A pairandsmooth uid registra-
tion algorithmbasedon the mutualinformationandusingthe convolution with a
Gaussiarfor regularizationhasalsobeenproposedy D'Agostino etal. (2003).

2.2.2 A simple pair and smoothalgorithm

This sectionsynthesizethe prototypeof a pairand-smoothegistrationalgorithm,
and provides the basisof the methodproposedin this manuscript. In orderto
clarify thedescriptiorof our algorithm,our presentationvill follow thederiation
of the demonsalgorithmof Thirion (1998)aspresentedn Pennecet al. (1999).
Thedescriptiorshavs its mainweaknessethatwe will addressn this thesis.

The demonsalgorithmalternategshe maximizationof the similarity andthe reg-
ularity criteria. The similarity is maximizedthrougha gradientdescenthat we
describebelow, while the regularity is enforcedby convolving the deformation
eld with astationaryGaussianThealgorithmcanusedifferentsimilarity criteria,
suchasthe SmallestSquaredistance(SSD) (Pennecet al. (1999))or the Local
CorrelationCoefcient (Cachierand Penneq2000)). Sincethe SSD criterionis
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commonlyacceptesareliablemethodfor monomodategistrationwewill useit
asanexamplethroughouthis chapter As we alreadysawv, morepowerful similar
ity metricsfor multi-modalregistrationaredescribedn (Rocheetal. (1998,2000);
CachierandPenned2000);Guimondetal. (2001b);Hermosilloet al. (2002)).

The gradientdescenstepcanbe describedasfollows: giventhe currentvalue of
thedeformationU, thegoalis to nd asmalladditivecorrectionu thatminimizes
thechosersimilarity criterion. A rst orderTaylor expansioneadsto:

Z

SSD(1;3 (U+uw)= [I(p) (3 (U+u)pl®dp (2.2)

R
As by de nition  f (p)> u(p) dpis the dot productof the vectorfunctionsf and
u, we getby identi cation:

rSSb=2[(3 U)p) (] IrJ) Ul

Fromthe Taylorexpansionwe canseethatthecriterionis minimizedif we update
thecurrentdisplacementeld U" atiterationn by addinga smallfraction of the
gradientu” = r SSD to obtainU"*! = U" + u". This rst ordergradi-
entdescents usuallythe evolution equationusedin PDE approachegHermosillo
etal. (2002)). Thedemonsalgorithmcorrespondso a slightly morecomplex sec-
ond order gradientdescentschemewherethe gradientis renormalizedusing an
approximationof the secondorderderiative of the SSD criterion (Pennecet al.

(1999)).

Thismethodis ef cient, butit sufersfrom amajordravback: Theadditive correc-
tion schemepresente@bore doesnotre-computdhe gradientof thesourceémage
at eachoptimizationstep,but ratherresamplest. In Section2.2.3,we arguethat
this additive schemebecomesnvalid with large local rotations,andit mayleadto

a non-irvertible transformation. Therefore,we proposea “compositive scheme”
thattacklesall typesof displacementand,furthermoregnsuresheinvertibility of

therecoveredtransformation.

2.2.3 Recovering largedeformations

The additive formulation of the Taylor expansionof the SSD leadsto a gradient
descenproportionalto the resampledyradientof the sourceimager J, without
changingits direction. In real caseswherethe deformationcontainslarge local
rotations,the directionof the gradientof the criterionwill slowly becomeparallel
to the contoursof theresampledmaged U, therebydiminishingits ef ciency at
eachiteration.Figure2.1 presentanexampleof a90 rotationof asimpleimage.
At thebgginning of theregistration,bothschemegvolve in similar mannergFig.
2.1b). However, astherotationis graduallyrecovered,the correction eld yielded
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(a) Tamget im- (b) Sourceim- (c) Resampledsource (d) Resampled
agel . ageJ. imageJ U for an sourceimageJ U

intermediatecorrection

for an intermediate

correction eld
(compositve
scheme).

eld (additive scheme).

Figure2.1: Recweringa 90 rotationof a simple 2D image(Fig. a) usingthe
SSDcriterionandtwo correctionschemegadditive andcompositve). Thearrovs
indicatethecorrectioneld atacertainiteration.At thebeginning,thetwo schemes
exhibit similar behaiors (Fig. b). However, astherotationis beingestimatedthe
additve schemeyields correctionswhich tendto be parallelto the contourlines,
therebyloweringits ef ciency (Fig. ¢). By updatingthedirectionof thecorrection,
thecompositve schemamaintainsts ef ciency to recover rotations(Fig. d).

by the additive schemgFig. 2.1c)getsincreasinglyparallelto the contourlines
(i.e. perpendiculato the gradientof theimage). As the motion perpendiculato
the gradientof the imageis not detectabldapertureproblem),the corresponding
correctioneld componentoesnot provide usefulinformation,andthe ef ciency
of thecorrectiondecreasef-ig. 2.1c).

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

Following Trouvé(1998),Miller andYounes2001)andChefd'hoteletal. (2002),
we replacethe additionof the correctionanddisplacementelds U™t = U™ + u"
by the compositionof the correspondingransformations.If | d is the identity

transformationthis correspondso
ld+ U™ = (1d+ U") (Id+u")=1d+ U" (Id+ u")+ u":

Thus,denotingby (U u)(p) = U(p+ u(p)) + u(p) theresultof thetransforma-
tion compositionon the displacementelds, we endup with the updateequation
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U™l = U u". Onecanremarkthata rst orderTaylor expansionof (U u)
yields:

(U u)(p) = U(p+ u(p)+u(p) = U(p)+ 1 U(p)" u(p)+ u(p)+ O(kuk?) (2.3)

Therefore thetwo schemesreequialentif the displacementeld is locally con-
stant(r U  0), which correspondso a (local) translation.

Thegoalisnow to nd thecorrectioneld u thatminimizesSSD(1;J (U wu)).
TakingJ®= J U, we camebackto the additive formulationwith U°= 0 since
(0 u) = u. Thereforewe have:

SSD(1;J (U u)=SSD(1;3° (0+ u)) (2.4)

Thus,the major differencewith the additive schemdEq. 2.2) lies in thatwe now

takethegradientof theresampledmager (J U) insteadf theresampledradient
of theoriginalimage(r J) U. To summarizetheusualadditive schemeconsists
in computingthegradientof the SSDatthe currentdisplacementeld U" andthen
to updatethe displacementisinga fractionof this gradient:

umt = U™ 2[00 U™ I][(rJ) U (2.5)
Theequvalentcompositve schemeas

u™l = u" (20 UM I]r @ UM (2.6)

Remark Thefraction of the gradientthatis taken at eachoptimizationstepis
analgorithmparameterSection3.2.1will shav amethodto automaticallytuneit.

If we go backto our squareexample, one can notice in Figure 2.1d the effect
of the gradientof the deformedsourceimage being updatedwith the composi-
tive schemeat eachiteration,the correctionis perpendiculato the contourlines,
whichincreaseshe convergencerate. This simpleexampletranslatesnto thegen-
eralcasaf we consideithetwo smallimagesasbeingmerelylocal detailsof larger
ones.Largelocalrotations,suchasthe onepresentedhere,occurratherfrequently
especiallyin multi-subjectregistration,andthey aredif cult to recover by consid-
eringanadditive correction eld.

Guaranteeing invertibility =~ The compositre schemehasan additionaladwan-
tage.If the correctionu is a homeomorphisnat eachstep,thenthetotal displace-
mentU is alsoa homeomorphismWhat s interestingis that this propertystill
holdsin practicewith the discretecompositionof displacementelds using tri-
linear interpolation. Moreover, guaranteeinghatu is invertible is fairly easy: it
sufces to limit its normto half of the voxel size. Figure2.2 presentgour voxels

26



(a) At eachiteration,too (b) By limiting the cor

large correction vectors rection vectors at each

mayyield anuninvertible iteration, the recovered

transformation. transformationis invert-
ible.

Figure2.2: Guaranteeingheinvertibility of thedisplacementeld.

of atwo-dimensionalmageon aregulargrid, andthe displacementectorsof the
two lowervoxels. If thenormsof thesevectorsarelarge,they canpotentiallycross
andcausdoldingsin theresampledmage(Fig. 2.2a).Invertibility of thedisplace-
ment eld canbeeasilyensuredy limiting thenormof thesevectorsto half of the
voxels size(Fig. 2.2b). This way, evenin the worstcasescenarioyectorscannot
crossandthedisplacementeld is alwaysinvertible. This avoidsthe computation
of the Jacobiarat eachiteration,asit is doneby Christenseretal. (1996).

Compositive schemevs. regridding: executiontime comparison This section
illustratedthe compositve schemewith the SSD criterion, but this may be easily
generalizedo othersimilarity criteria. One may alsocomparethis schemewith

theregridding methodusedby Christenseretal. (1996),anddescribedn Section
2.2.1.Table2.1shavs acomparatie analysisof theoperationsequiredby eachof

thethreeschemesAssuminga computatiortime similar for a scalar Itering and
for ascalaresamplingwe basicallyhave to sweepthe memoryfor theimageval-

ues),we canseethatthe compositve schemas only 25%slower thanthe additve
one,andit takesonethird of thetime requiredby a regridding scheme However,

its accurag is equivalentto the oneof theregridding.

2.3 Discussion

This chapterpresentegossibleexisting solutionsto the atlasto patientregistra-
tion problemin view of the clinical requirementpresentedn Sectionl.1. Both
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Scheme | Scalarltering | Scalaresampling
Additive 0 3
Compositie 3 1
Regridding 9 3

Table2.1: Comparatre analysiof thecomputationatompleity of additive, com-
positive andregriddingschemesThecompositve schemas threetimesfasterthan
theregridding, while theaccurag is similar.

applicationsrequire a nonlinearregistration algorithm that hasto ful ll several
conditions.

First, the algorithmhasto registera subjectimagewith anatlas. In orderto sim-
plify the problem,the atlasimagewaschosento be of the samemodality asthe
patientones. Therefore we found existing similarity criteria, suchasthe SSDor
thecorrelationcoefcient to bevery ef cient. Furthermoregvenwith adensdlis-
placementeld, aninvertibility guaranteeanbe achiaredrathereasily with alow
computatiortime. However, theregistrationis multisubjectwhich meanghatwe
will have to addressomeotherissues:

Sometimeswe know thatdeformationsrehighly inhomogeneoum certain
areasandexhibit alarge spatialcoherencén others.In Chapter3, we amgue
that the regularizationwith a uniform Gaussiaris not adaptedto recover
suchdeformationsandthatelasticmodelsarecomputationallyexpensve to
solve. Thus,we proposea fasterregularizationmethodthat is compatible
with inhomogeneoudeformationsandhaslow computatiortimes.

The above algorithm, like mary others,takesall voxels into accountin an
equalmanner Basedon the obseration that someareasin imagescon-
tribute more relevant information than others,we describein Chapter3 a
methodthatweightsthelocalin uence of thecorrectioneld in theregistra-
tion basedon a priori informationaboutthe local reliability of the similarity
criterionat eachvoxel. This methodcanbe adaptedo dealwith imagesof
patientswith a braincancethatcontainlarge, contrastedesionswhich have
no correspondencim the atlas. Therefore they tendto misguidethe regis-
tration algorithm. In Chapter3 we proposea methodto ignorelesions,and
only concentrat@nreliableinformation.

Secondjn certaincaseswe areonly interestedn the surfacesthatdelimit struc-
turesof interest.We wantthesesurfacesto remainregular after deformation and
give the restof the imagethe freedomto deform. In Chapter4, we presentan
anisotropiaegularizationmethodthatenforcegsheregularity of speci ed suriaces
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duringthe deformationprocess.The presentednisotropicconstraintanbe po-
tentially extendedo othertypeof structuressuchaswhite matter ber bundlesor
sulci.

Last,thealgorithmshouldtake alow executiontime,in orderto be usefulto physi-
cians. Sincethe problemis comple, andwe do not wantto take therisk of low-
eringthe computatiortime at the expenseof theresults'quality, Chapter$ and6
proposea parallelimplementatioron alow costparallelmachine.
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Chapter 3

Fast uid registration with local
elasticconstraints

Thischapteprovidessomesolutionsfor theproblemsproblemsdescribedn Chap-
ter 2, arisingin multisubjectregistration.First, we modify thedemongegistration
enegy (Eqg. 2.1) in orderto accounffor tissueswith space-arying deformability
andwe describeanef cient resolutionmethod.Then,we tacklethe problemof the
relative importanceof the informationin variousregionsin the images.In order
to achieve reasonableomputatiortimes,we describeafasthnumericalschemehat
allowsto achieve bothgoals.We presentheresultsof themethodonthetwo appli-
cationsdescribedn ChapteR: theregistrationof Parkinsoniarandtumordiseased
brainimageswith anatlas.

3.1 Method

3.1.1 Non-stationary “elastic” regularization basedon anatomy

Real deformationsare often highly inhomogeneous.When regularizing with a

stationaryGaussianltering, theamountof regularizationis givenby the standard
deviation of the Iter. This valueis eithertoo large, preventing the retrieval of

ne details,or too small, which yields a noisy deformation eld in smoothareas.
The solutionwe proposeis to usea priori informationaboutthe variability of the
differentstructuresn theimageso locally adaptthe level of regularization.
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A modi cation of the energy function for non-stationary regularization

A modelthat allows usto specifythe local degreeof regularizationis elasticity
However, the modelis complex andsolving it canbe computationallyintensve.
Furthermore,n the multi-subjectcase,an elasticconstrainton the deformation
thatlinks the objectsin thetwo imageshasno physicaljusti cation.

We have seenin the previous chapter(Section2.2) thatthedemonsalgorithmcor
respondgo minimizing thefollowing enegy (whereU is thedisplacemenalong
thedirection 2 x;y;z):

X Z
= peRhy) Uy kr U k® (3.1)
similarity term | 2f xy;zg {Z }
regularity term

whereSSD is the similarity criterion,andU is the displacementeld. The sec-
ond (regularity) termtendsto keeplocal variationsof the displacemeniow, which
imposesa strongcorrelationof the displacemenbf neighborvoxels. Optimizing
theregularity termamountgo convolving thedisplacementeld with a Gaussian.
We modi ed this criterionin orderto weightthelocal spatialcorrelation(regular
ization) of the displacemenimorein someplacesthanin others.If d(x; y;z) isa
spatial eld thatmeasureshe local importancefor the displacementsf neighbor
voxelsto be correlatedthenthe enegy to minimizebecomes
X Z
E=SSD(l;J U)+ d(x;y;z) kr U k2 (3.2)
2f xjy;zg

Minimizing the regularity criterion

Thenew regularity criterionfor somedirection hastheformulation
Z
RegU )= dh U ;rui

By expandingReg(U + h), weget
Z
ReglU + h) dhr U +r h;r U +r hi
z

RegU )+ 2 hdr U ;r hi + O((r h)?)
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R
Tocomputethegradientof theregularity criterion,weneedgyrelate  hdr U ;r hi

to aterminvolving only h andnot its gradient(namely hdiv(dr U )). To
achiere that, let usapplythe Gauss-Ostrogradgldivegencetheorem:
Z Z
th (dr U );ni = div(h (dr U ))
@ z z

b h:dr Ui+ hdiv(dr U)

where@ isthedomainboundaryandn is its normal. Thelasttermwasobtained
by the standardlifferentiationof a product: div(h ¥) = hr h;»i + h div(v). By
assuminghe Neumanrboundaryconditions(hr U ;Ai = 0 ontheborder@ of
), the left partof the abore expressiorbecomesull (hd is a scalarexpression
thatcanbetaken out of the dot product). Thus,we areleft with the soughtresult:
Z Z

Mdr U ;r hi = hdiv(dr U )

Thismeanghat
Z

RegU +h) RegU )= 2 hdiv(dr U )+ O(r h?)

By de nition, thegradienteld r Regexistsif we have for ary perturbatiorh the
equality 7

RegU + h)= RegU )+ hr Reg+ O(h?)
By identi cation, we get

r Reg= 2div(dr U )

Therefore,a gradientdescenton the regularity criterion %(p) = r Reqp)
leadsto the nonstationaryheatequation

%(p) = r Regp) = div(dr U )(p) (3.3)

Discussion

Thescalar eld d givesthe costof irregularity. If the diffusion eld is constant,
Equation3.3 describes lineardiffusion Iter, which canbeimplementedisinga
convolution with a stationaryGaussianThelargerd is, the moreimportantis the
diffusion. By analogywith mechanicatleformationsye cancall d astiffnesseld:
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to t ourpurposeof toleratinglarge deformationsn certainareasandsmalldefor
mationsin others,it sufces to give d large valuesin areaswherewe expectlittle
deformationsandsmall valuesin areasthat may containlarge ones. In this case,
d alsoencodeshe anatomicaknowledgethatwe have on the deformabilityof the
tissues.Currently d is estimatedy usingregion-basedegmentatioralgorithms.
Sinced expresseshelocal stiffnessof thetamgetimagel , we only needto segment
thisimageto computeit. However, unlike feature-basecegistrationthatneedsan
accuratesggmentatiorof the structurego match,our algorithmonly needsafuzzy
seggmentation.In Section3.2.1we will shav a methodto automaticallyestimate
thed eld for T1 MRI imagesof thebrain.

The proposedegularizationmethodhasa double heuristicmotivation. Oneone
hand,if two pointsbelongto a region that doesnot changesrom oneimageto
anothertheir displacementaremorecorrelatedhanif they belongto aregionthat
changesalot. On the otherhand,the closerthetwo pointsareto eachother the
moretheir displacementarecorrelated.Therefore we usea local regularization:
If aregion exhibits alow variationbetweenwo differentimages thenwe wantit

too deformlessandbehae in a stiffer manner On the contrary highly variable
regionsshouldbeableto deformmore,andthereforebeassigned lower stiffness.
Thechoiceof alocal Gaussiarsmoothinghasa triple motivation:

1. Smoothingoy aGaussiarfwhichis equivalentto our diffusionequationwith
a locally constantstiffness)is not far from the simulationof an elasticdis-
placemenandit canmodelit with areasonablepproximationBro-Nielsen
(1996)).

2. Thestrengthof theregularity constrainis describedy thelocal valueof the
stiffness eld d. By tuningthis, we canregularizeinhomogeneoudeforma-
tionsthatalternatesmoothandhighly varyingregions.

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

3.1.2 Con dence-basedweighting of the correction eld

The imageswe register areinevitably noisy This noisehasa strongimpacton

the gradientof the similarity criterion, especiallyin intensityuniform areasvhere
the local signalto noiseratio is low. Whenregularizingthe displacementthese
spuriousvaluestendto wealenthe well de ned displacementforces” locatedat
edges.Thegoalof this sectionis to Iter outtheseunreliablevaluesfrom theraw

correction eld. In this sectionwe assumehatthe noisethataffectsthe correction
eld follows a Gaussiaimodel.
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We use a methodinspired by the image-guidedanisotropicdiffusion (Weickert
(1997)): oncethe correction eld u is computed,its components: alongeach
axisare ltered usinganonstationargiffusion PDE:

%(P) = div[(l k(p)r u (p)],wherek(p) 2 [0;1] (3.4)

Like in the previous section,if k is a spatiallyconstanteld, the abose equation
amountgo a Gaussiardiffusion, which waspreviously usedin similar conditions
(Cachieret al. (2003)andD'Agostino etal. (2003)). If k variesspatially it mea-
sureghelocaldegreeof smoothingappliedtou . Fork(p) = 1, thelocaldisplace-
mentu (p) will belocally unafectedby theabove partialdifferentialequation.in
caseof smallervaluesfor k(p), the correctionis locally smoothed.This featureis
particularlywell adaptedo our problem.In areasvherethesignalto noiselevel is
low, we smooththecorrection eld, therebyattenuatinghe effectsof noise. Thek
eld measureshelocal con dencein thesimilarity criterion.

Pointsthatarereliablelandmarksn thesourcamagearethosewheretheneighbor

hoodhasa characteristipatternthatcannotbe producedoy noise.Thecon dence
canthereforebe taken asa measureof the local intensityvariability in the source
image,suchasthelocal varianceor gradient. This type of measuraes static,since
it only hasto be computedonce,at the beginning of the algorithm. The expres-
sionwe usedis derived from Weickert (2000)in the caseof non-stationarymage
diffusion: 0 1

K(p) = exp ?@ﬁ;kﬁ (3.5)

Thecon dencedescribedn the above equationds closeto 1 for largeimagegra-
dients,andto 0 in uniform areas. is a contrastparametethatdiscriminatedow
contrastregions (which are mainly diffused)from high contrastones(which pre-
sene theedgesn thedeformationeld), andc is ascalamparameteusuallytaken
around3.3 (seeWeickert (2000)). We shav in Section3.2.1how theseparameters
aretuned.

Thecon dence eld k canalsobeusedto encodesomeanatomicaknowledge:in
certainapplicationsespeciallyin dif cult multi-subjectcasespnemightchooseo
deliberatelyignorecertainaspect®f theimageswhich couldmale theregistration
fail (e.g. tumors,marker-enhancedegions). In suchapplicationsonecanimpose
thecon denceto benull in areaghatareconsideredrrelevantfor theregistration.

Thisformulationof thecon dencecanbeunderstooésbeingatypeof softfeatuie-
basedregistration. Indeed,dependingon the methodusedto estimatecorrespon-
dencesregistrationalgorithmsare classi ed into two main catejories. Intensity-
basedalgorithmstreatimagesas setsof voxels characterizedy their intensity
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which contrikute in equalmeasurdo the nal transformation.Feature-baseckg-
istrationconsistdan estimatingcorrespondencdsy matchinggeometricstructures
in the images,suchas surfacesor lines. Our methodis somevherein-between.
Voxels do not have the sameweightsin the computationof the correspondences.
Theoneswhich areontheedgesof signi cant structurehave alargerweightthan
the others. By usinga kind of fuzzy featuresextraction,our algorithmis ableto
take into accountthe structuresvisible in the images,without needinggenerally
errorpronebinary segmentations.

Similarapproachebave beenusedin imageregistration.Ourselinetal. (2000)es-
timatethe correspondencen the caseof rigid andaf ne registrationusingblock-
matching. Only the blocksin the sourceimagethat have a variancelargerthana
certainthresholdare taken into account. The Nagel-Enlelmannoperator(Nagel
andEnkelmann(1986))usedin Alvarezetal. (2000)andHermosilloetal. (2002)
alsousesa measuref thelocal variationof the sourceimageto weightanelastic-
typematching.

3.1.3 Fluid vs. elasticregularization: a viscoelasticmodel

Our algorithmhastwo levels of regularization. The rst oneactson the correc-
tion eld, which canbe seenasthe velocity eld. Thus,its regularizationcanbe
interpretedasa non-stationaryiscous uid constraint.Onthe contrary the regu-
larizationof thedisplacementeld canbeunderstoodsimposingakind of elastic
behaior. Consequentlythe combinationof the two regularizationsendsup in a
sortof viscoelastianavement.Our terminologyis basedn thefollowing classi -
cationof rheologicalbehaiors of all materials:

Viscousmaterials:in apurelyviscousmaterialall enegy addeds dissipated
into heat.

Elasticmaterials:in apurelyelasticmaterialall enegy addeds storedin the
material.

Viscoelasticmaterials: a viscoelasticmaterial exhibits viscousas well as
elasticbehaior. Typicalexamplesof viscoelastianaterialsarebreaddough,
polymermeltsandarti cial or naturalgels.

Let usincludeour coherence-baseadgularizationof the correctioneld (Eqg. 3.4)
in the global enegy function of the regularization(Eq. 3.2). In this case,we
considetthecorrectioneld u asbeingthetemporalderivative of thedisplacement
eld U. Moreover, sincewe updateat eachstepU by composingit with u, we
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will seethe correction eld asthe Eulerianderivative of the displacementu =
@@U(p;t). Theupdatecenepgy functionis

Z

( T ey &
E = SD(l:J U)+ 1 X;y;z r ——
F sim{iériw g 2f xyiz9 @
| {z }
X 7 uid regularization
+ d(x;y;z) kr U k2
| 2f xjy;zg {z }

elasticregularization

Onemay askwhy this enegy function hastwo level of regularization. In Chris-
tenseretal. (1996),it is aguedthat,in orderto recover large deformationsa uid
modelof deformationis necessarylf we do nottake into accounthe elasticreg-
ularization,our model of deformationcanbe seenasa uid one. However, the
purely uid modelhasa dravback:it doesnot presere the anatomicaktoherence
of images. Indeed,sincethereis no constrainton the displacementeld itself,
the modelallows too large local volume expansionsor contractions.Mathemati-
cally, thistranslatesnto valuesof the Jacobiarof thetransformatiorthatareeither
very large or very closeto 0. This posesa problemwith partialvolumesandnon-
correspondingtructurege.g. in brainimaging, partial cerebro-spinaluid/white
mattervoxels being transformedinto grey nuclei, or structurescontractingand
eventuallyvanishing). Furthermorewhenimagenoisegeneratespuriousgradi-
entsin otherwiseuniform areas,strongartifactsappearin the deformation eld
insidetheseregions. Theseside-efects occurdueto the unconstrainedhatureof
the uid modelwhenoptimizingthe similarity (seeSection3.2.3).

The proposednethodalsobearssomeresemblancéo the variableviscosityregis-
trationproposedy Lesteretal. (1999). The maindifferenceresidesn thenumer
ical resolution.Wheread_esteretal. (1999)follow a strict mechanicamodeland
usea comple andtime-consumingnethodsucha the successie over-relaxation
to solwe it, we believe thatin multi-subjectregistrationmechanicakimulationis
not particularlyadaptedwe do not dealwith realworld deformationsinsteadwe
useamoretime-efcient approactbasedon a simplerinhomogeneousegulariza-
tion (non-stationandiffusion) that offers the samefunctionality (inhomogeneous
deformationspndalow computatiortime (seeSection3.1.4).

Finally, we experimentallyobsered thata smallamountof elasticregularization
was sufcient to allow a hugedecreaseaf the uid regularization,leadingto a
muchfastercorvergenceof thealgorithm.

37



3.1.4 Numerical implementation

As we have seen poththe con dence-basedtering (Equation3.4) andthe regu-
larization(Equation3.3) canbedescribedisingnon-stationargiffusion PDE'son
scalar elds v (thex, y andz component®f U andu). In this sectionwe tackle
the problemof ef ciently solving suchequationdn theisotropiccase.A similar
methodhasbeenusedin FischerandModersitzki(1999)andModersitzki(2004).

Explicit, implicit and semi-implicit schemes

Thesimplestway to solve a scalardiffusionequatiorsuchas

@ _ .

a div(dr v)
on a discreteimageV is to computethe deriatives using nite differencesand
then reformulatethe problemusing a matrix vector multiplication. Considering
theimagev asa big onedimensionalectorof sizeN containingsuccessely all
itsvoxels(e.g.N = dimy dimy dim, for a3D image)thederivativescanbe
encodedntoabigN N matrix A, sothatwe gettheexplicit sheme

Vt+ t Vt
t

wheret is thetime and t is thetime step. The Laplacianmatrix At dependon
thetimet if thediffusion eld distimevarying.

= AtV

For this explicit schemeall thevariablesontheright sideareknown attimet, and
theresolutionis simplyvt* ' = vt+ tA!vt. However, suchanapproachs very
slow, sincethetime stephasto bevery smallin orderto avoid divergence(\Weickert
etal. (1998)). Thisdravbackcanbeavoidedby solvingtheimplicit schemewhich
containsontheright sideonly thevariablesatthetimet +  t:

Vt+ t Vt

t

This schemads guaranteedtb be stablefor all valuesof t. However, it is dif cult
to solve (sincewe do not know At 1), andthereforea semi-implicitschemeis
oftenpreferred:

— AlF Lyttt

ittt Aty
t
This amountdo solvingthe equation
vttt (I tAl) Iyt

AppendixA.1 shawvs a fastalgorithmthat solvesthe abore linear systemin linear
time (w.r.t. to theimagesize). For moreinformationon the discretizatiorof the
equatioritself, thereadershouldlook at AppendixA.2. AppendixA.3 presentshe
implementatiorof the NeumanrandDirichlet boundaryconditions.
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The semi-implicit schemen 3D: AOS

In the three-dimensionatase,a problemarises:the matrix to invert is no longer
tridiagonal whichleadsto amuchhighercomputatiortime. In orderto addresshis
problem,Weickert et al. (1998)introducedthe Additive Operator Sheme(AOS),
which makestheresolutionof the PDE separabletherebysimplifying the compu-
tations.If the Itering operatoiis separabIeNecancons&deItheLapIaciamperator

A to bethesumof its projectionsonthethreeaxesA = of xy:zgA - Therefore

0 1,

X
Vit = @y t AA W
2f x5y ;29

In the caseof non-stationaryliffusion, he thenusedthe following approximation,
justi ed by a Taylor expansionof bothmembers:

0 1,

X
vit t= @y t AA V=
2f xjy;zg 2f xjy;zg

X
(In 3 tA) W+0O( t9)

This reduceghe 3D diffusion to three1D ones,thusreplacingthe inversionof a
non-tridiagonalmatrix with threeinversionsof tridiagonalones. In practice,we
obtainin our iterative optimizationalgorithmanequivalentcomputationaloadfor
oneAOSregularizationstepandfor thecomputatiorof thegradientof the similar
ity criterion. AppendixA.4 describesn moredetail the practicalimplementation
of the Additive OperatorScheme.

3.2 The registration of brain MRI' s from Parkinsonian
patients

We testedour algorithmby registering10 3D T1-weightedVRI imagesof Parkin-
sonianpatients suchasthe onespresentedn Figure3.1. They wereall acquired
usingthe IR-FSPGR(3D acquisition,InversionRecwery, FastSpoiledGradient
Echo) protocoland a eld strengthof 1.5T. Theseimageswere acquiredpre-
operatvely understereotacticonditionsjn orderto selectoptimaltargetsfor deep
brain stimulation. All imageshave the samesizes256 256 124 In order
to eliminatelarge displacementghatdo not re ect anatomicabifferencesjmage
coupleswereaf nely registeredbeforethe non-rigidregistration.
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(c) Stiffnessinformation. (d) Con dence.

Figure3.1: Registeringtwo T1-MRI imagesof differentsubjects Thefourimages
presenthesamesagittalslice of thetamgetandsourceémagesandthestiffnessand
con dence elds. Theimagesare courtesyof Pr. D. Dormont(Neuro-radiology
Dept.,Pitié-Salpétrierédospital,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 cand areparametersf thealgorithm(thewayto
tunetheir valuesis detailedbelaw in this section).Figure3.1d presents slice of
thecomputedcon dence eld (k). Its valuesgive the amountof smoothingof the
incrementalkcorrection eld. In placeswherethesevaluesarelow, the correction
eld will be smoother{remarkthat the diffusionis weightedby 1 k), thereby
makingtheseregionscountlessin theregistration.At eachiteration,thecon dence
eld is resamplednto thedeformedgeometry

Discussion The standarddeviation of the gradientusedto computethe con -
denceis the sameasthe standarddeviation of the gradientusedto computethe
deformationforce (1.0). This way, we presere this force eld in importantareas
onedgesandsmoothit in areasvhereit couldbe affectedby noise.

Stiffness eld

In brainimages the shape®f structuredik e ventriclesor gyri arehighly varying.

A commonproblemwith non-rigidregistrationalgorithmsthatusea uniform reg-

ularizationis their inability to properly deformthe ventricles. In our algorithm,
theregularizationallows the useof a higherlevel of regularizationin certainareas
thanin others. For choosingthe local level of regularizationinsidea structure,a

goodreferencenvould betherelative variability of the structure(normalizedby its

size). Computingsucha measuras a dif cult problem. Our experienceshaved

thata goodchoiceis to usea level of regularizationthreetimeslarger within the

brainthanin the uid-dominatedareag(insidethe cerebro-spinaluid andimage
background)Achieving afuzzy segmentatiorof theseareador T1-MRI imagesof

healthysubjectds ratherstraightforvard, sincea simplethresholdinggivesrather
goodresults. However, we wanteda more generalsggmentationmethod,ableto

take into accountother modalities,and also brainswith pathologies. Thus, we

considerealassi cationalgorithms.

In theseexperimentswe usedthe fuzzy k-meansalgorithm (Bezdek(1981); de-
Gruijter and McBratney (1988)) to classify the imagesinto ve classes:.image
background cerebro-spinaluid (CSF), grey matter(GM), white matter (WM)
andfat. If Ppack(p), Pest (P), Pgm (P), Pwm (p) andP 4 (p) arethefuzzy member
shipsat avoxel p for respectiely, theimagebackgroundCSF, grey matter white
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matterandfat classesywe computethestiffness eld (Fig. 3.1c)as:

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

As aninput, the classi cationalgorithmneedsnitial estimate®f the averageval-
uesof the classes. Theseprotocol parametes are easily speci ed by the user:
thanksto the graphicalinterfacewe have developed the uservisualizegheimages
andinteractvely determinegheinitial intensityvaluesfor eachtissueclass.They
areusedasinput parameter¢ ve for eachimageto register)of thefuzzy k-means
algorithm. Thefuzzinessndex* was x edto 2.

Time steps

Theresultof theregistrationdepend®n the similarity gradientdescenfraction ,

the two diffusion (elasticand uid) time steps,andthe parameterg and from

Equation3.5. Manuallytuningtheseparametersanbe a tedioustask,sinceregu-

larizationandsimilarity have differentunits. Our solutionis to provide a normal-
izationof theintensitiesbeforeregistration,asfollows: Fromthefuzzy sggmenta-
tion thatallowed usto computethe stiffness eld, we take the averageintensityof

thewhite matter ,m asareferencdevel, andthenapplythefollowing intensity
correction:

I new = I oig, WhereK is aknown constangiving the nal intensities.

wm

We have experimentallynoticedthatthe normalizationproceduredescribedelov

for T1-MRI brainimagessigni cantly decreasethe sensitvity of the algorithm

with respectto theseparameters.Oncethe algorithm parametersre tunedfor

a certainvalue of K, the userdoesnot have to changetheir valuessigni cantly

betweentwo experiments. In fact, all the experimentspresentedn this chapter

weredoneusingthe samevaluesof the parameter¢Kk = 256 ¢ = 3:3, = 200
t= 0:2, = 0:00085.

3.2.2 Results

Thealgorithmwasrunin parallel(seeChapters) onaclusterof 152GHzPentium
IV personalcomputers)inked togetherthrougha 1GB/s Ethernetnetwork. For

theseimagesof size256 256 124 the computationtime was5 minutes,11
secondsFor comparisonthe sameregistrationon a singlemachinetakes 1 hour

Figure3.2presents rst registrationexperiment:large anatomicabifferencesare
well recaveredby the algorithm,while keepingthe transformatiorinvertible and
smooth.

Thefuzzinessndex representshe degreeof fuzzinesf the classi cationandit rangesrom 1
tol . A fuzzinessndex of 1 correspond$o a hardpartitioning.

42



(c) Resampledourceimageafter (d) Thedeformationeld (applied
registration(compareto imagein to aregulargrid).
Fig. a).

(e) Targetcontourssuperimposed (f) Tagetcontourssuperimposed
on the sourceimagebeforeregis- ontheresampledourcemageaf-
tration. terregistration.

Figure 3.2: Registrationexperiment: Even if the brainspresentedn the source
(Fig. b) andtamet (Fig. a) imagesareanatomicallyratherdifferent,theresampled
imageafter registration(Fig. c) is very closeto the taget image (Fig. a). The

algorithmis ableto recover very well the shapeof the ventriclesandthe major

sulci. Therecovereddisplacementeld (Fig. d) is smooth. The differencesare

alsopresentetby superposingontourdrom thetargetonthesourceandresampled
imageg(see respectiely, Fig. e andf).
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Figures3.3and3.4presentasecondandthird experimentusingimagesof different
patients.Theresultin Figure3.4 is remarkablean the factthatthe algorithmwas
ableto successfullyecover thevery large differencethatexistsin the shapeof the
ventricles.

3.2.3 Discussion: uid vs. elasticregistration

In orderto verify theassertionsnadein Section3.1.3,we rana uid-only registra-
tion algorithm,i.e. with no elasticconstraintsBy comparingheresampledource
image obtainedwith our visco-elasticregistrationalgorithmwith the resultof a
purely uid algorithm,onecanseethatthe formerbetterminimizesthe similarity
criterion (Fig. 3.5). This canbe explainedby thefactthatthe uid framework au-
thorizesdeformationghataremuchlargerthatin the viscoelastiacase(Fig. 3.6).
As aconsequencehe Jacobiarof thetransformatiorobtaineahrough uid regis-
trationhasmuchmoreextremevaluesthanin theviscoelasticaseye ecting much
largervolumecontractionsaandexpansiongFig. 3.6).

Ourprimaryobjective is notto optimizeasimilarity criterion,but to recoveranatom-
ically meaningfuldeformations We have thereforeinvertedthe resulteddeforma-
tion eld, andappliedit to thetagetimage (Fig. 3.7). If the registrationresult
is valid, we shouldobtaina resampledmagethat is closeto the sourceimage.
Figure 3.7 shaws thatthis is not the casewith the uid registration: besidelarge
resamplingartifacts,theinvertedtransformatiorhasalmostcompletelyeliminated
the putamengf the brain (i.e. reducedo a fractionof a voxel). This leadsusto
concludethat, in the generalcase, uid registrationdoesnot sufciently presere
the anatomicakoherenyg of theimagedorgans. Figure 3.7 alsoshavs thatthese
artifactsdo not occurwith viscoelastiaegistration.

Contraryto the uid algorithm, an elasticregularizationmay prevent algorithms
fromrecoveringlargedeformationsbutit is ableto enforceanapriori constrainbn
theshapesn theresampledesultimage.Figure3.8 presentsheresultof anelastic
registration,which canbe comparedvith theresultof our visco-elastialgorithm.
By comparingwith the registrationtarget, one cannoticethat, by eliminatingthe
uid regularizationthroughcon dence-basewveightingof thecorrectioneld, the
algorithmis lessableto recover the large shapedifferenceof the ventricles. A

similar resultwasobtainedwith a uniform con denceequalto 1.0.

We believe thatthis is dueto the noisein the imageintensities,generating‘ran-
dom” valuesof thecorrection eld in uniformintensityareasa stationarysmooth-
ing tendsto averageoutto zerothe eld in theseareasandalsoreduceshecorrect

2Suchaninversionof the deformation eld is neededfor instanceto propagateatlaslabelsto
patientimageswhentheseimagesareregisterednto the geometryof theatlas.
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(b) Tamget image (axial (c) Resampledourceim-
view). view). ageafter registration (ax-
ial view).

(d) Deformation. (e) Contoursbeforeregis- (f) Contoursafterregistra-
tration. tion.

Figure3.3: Secondexperiment. The gures shav the sameaxial view for all im-

ages. The upperand middle white arronvs underlinetwo partsof the ventricles
wherethe sourceandtargetimagesareparticularlydifferent. The lower white ar

row pointsto a holein the skull skin in the sourceimage(Fig. a). This holeis

causeddy sugery andis not presentin the tamgetimage(Fig. b). However, after
registration,the hole waspresered in the resampledmage(Fig. c). We believe

thatthis is the right behaior, sincethe hole canbe considera part of the image
anatomy Thetransformatior(Fig. d) is invertible andsmooth.Figurese andf al-

low to examinemorecloselythequality of theresult,by comparingargetcontours
superposedn the sourcemagebeforeandafterregistration(Fig. e andf).
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(b) Tamet image (axial (c) Resampledourceim-
view). view). ageafter registration (ax-
ial view).

(d) Deformation. (e) Contoursheforeregis- (f) Contoursafterregistra-
tration. tion.

Figure3.4: Third experiment:the algorithmis ableto compensateery large vari-
ationsof the shapeof theventricles.Theresampledmage(Fig. c) is very closeto
thetargetimage(Fig. b), despitevery large initial anatomicabifferencegFig. e).
Thetransformations smoothandinvertible (Fig. d).
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(a) Tagetimage. (b) Resampledmage af- (c) Resampled image
ter viscoelastic registra- after uid registration.
tion. SSD = 2.7 10° SSD = 1.3 10°

Figure3.5: Fluid vs. viscoelasticregistration: the resampledmage obtainedby

uid registration(Fig. c) is slightly closerto thetamget (Fig. a) thantheresampled
imageobtainedthroughviscoelastiaegistration(Fig. b). The similarity criterion

(namelythe SSD)hasclosevaluesin bothcase.

displacementsroundthe edges. Thus,we obsere an excessie adhesrenessof
uniformregionsthatpreventtheedgedrom achieving theircompletedisplacement.
Onthecontrary anon-stationaryegularization‘extrapolates'thedisplacemenof
theedgedo theunreliableuniformareas|eadingto afasterandmoreaccurateon-
vergence.This effectis con rmed by a 10%increasen the numberof iterationsif
no uid regularizationis usedor if it is stationary

Thesolutionwe proposen this chaptelis hybrid betweerelasticand uid registra-
tion. It composeshe correction eld with the displacementatherthanaddingit,
andtheregularizationof the correctionfollows a uid model.However, we choose
to performa selectve elasticregularizationin the areaswvhere,dueto anatomical
reasonsthe displacemenof neighboringvoxels shouldbe coherent. This enables
usto inject in the algorithm somea priori informationto constrainthe deforma-
tions.

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

Warping a digital atlastoward a patientimageallows the simultaneousegmen-
tation of several structures.This is of greatinterestfor cerebraimages sincethe
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(@ The transfor (b) The uid defor

mation obtained mation eld is rather
through viscoelastic irregular
deformation is

smooth.

(c) Viscoelastic (d) The Jacobianof
registration: the the transformation
Jacobian has more has extreme values.
moderate  values (i logJdjj < 20:46).
(ij logdjj < 3:24).

Figure 3.6: Fluid vs. viscoelasticregistration: uid registrationresultsin a dis-
placementeld (Fig. b) thatis lesssmooththat the one obtainedthroughvis-
coelasticregistration(Fig. a). This leadsto extremevaluesof the Jacobiarof the
uid transformatior(Fig. d), re ecting large volumecontractionsandexpansions.
For comparisonthe Jacobiarof the transformatiorobtainedthroughviscoelastic
registrationindicatesmuchlower volumecontractionskgarsions, whichre ectin
moremoderatevaluesof its logarithm(Fig. c).
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(@) Source image (b) Viscoelasticl (c)Fluidl T *ex-

J. The putamenis T ! the putamen hibits resamplingar-
barely visible (see staysin place. tifacts; the putamen
white arrows). disapeared.

Figure3.7: Fluid vs. viscoelastiaegistration:the transformatiorwasinvertedand
appliedto thetargetimage.ldeally, theresampledmageshouldbeidenticalto the
source(Fig. a). However, this is far from beingthe casein uid registration: a
large partial volume effect appearedroundthe ventricles,and the putamensim-
ply disappearedasshavn by the white arrowns (Fig. ¢). For comparisonthese
problemsdo not occurwith viscoelastiaegistration(Fig. b).

(a) Registrationtarget. (b) Result using the (c) Resultusinga uniform
con dence-weighted uid regularization.
elasticregularization.

Figure 3.8: Elasticregistration: without uid regularization,the algorithmis less
ableto recover the large shapedifferencebetweenthe two brains. White arrovs
shawv a lower ability of the elasticalgorithmto recover deformationsaroundthe
ventriclesandthe skull.
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braincontainsalargenumberof smallbut importantstructuregopticalnenes,grey
nuclei,etc.). As we saw in Chapterl, oneimportantapplicationis the conformal
radiotherap of cerebratumors,wherea precisedelineationof all thesestructures
is required.However, in this casethevariability inducedby thetumoror asugical
resectionthatarenot presenin thedigital atlas,preventsanaccurateegistration
betweenthe atlasand the patientimages. Sinceour registration methodallows
to locally controlthe amountof regularization we areableto explicitly introduce
thoseareasn thewarpingprocess.

3.3.1 Pathology segmentation

In orderto obtaina priori informationon the tumor andthe suigical resectionto
guidetheatlasregistration we have to segmenttheseregionsin thepatients brain.
In experimentswe have usedmethodsdevelopedby Commavick (2003)for au-
tomaticallydelineatingrespectiely the suigical resectiorandthe tumor The seg-
mentationalgorithmmainly usesthe informationof thejoint histogramof T1 and
T2 MR imagesof the patientand a region-basedabelingto computea binary
maskof the pathology The entiremethod producinga binary maskof thetumor,
is summarizedn AppendixB.

3.3.2 Usinga-priori anatomicalinformation about the patient

As for every registrationalgorithm, our methodassumeshat the chosensimilar
ity metric describesa meaningfulcorrespondencbetweenthe two images. This
assumptioris of courseviolatedwhenthe patientimagecontainsadditionalstruc-
tures,suchastumorsor resections Sincethereis no corresponderin the atlasto
each“pathological”voxel in the patientimage,we remove thein uence of these
voxels from the similarity metric, or moreef ciently settheir con dencek(p) to
zero.As aconsequencéhe correspondences thisareawill bedeterminedy in-
terpolationfrom non-pathologicaheighboringvoxels, for which correspondences
canbereliably estimated.

Whenperformingthe con dence-weighteditering of unreliablematcheswe as-
sign a null con denceto eachvoxel inside the pathology Sincewe specifythe
con denceinsidethe sourceimage,we usethe patientimageasthe source.After
registration,we inversethe transformatiorin orderto resamplehe atlaslabelsin
thegeometryof the subjectimage.
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3.3.3 Experimental results

Our testdatasetontains22 T1-weightedMR imagesof differentpatients. After
a preliminaryrigid registration,the imagesareresamplednto the atlasgeometry
andtheirsizesare256 256 60.

Thepathologysegmentatiortakesbetweerl and3 minute,andthenon-rigidregis-
trationtakesabout4 minuteson a clusterof 15 personatomputer§2GHzPentium
IV processorsl GB/snetwork), whichamountdo atotal computatiortime of 5 to
10 minutes(seeChapters). Thewhole databaséasbeenprocessedResultshave
beenvisually inspectedy aradiotherapistandappearsatisactory

Figure3.9shavs theatlasusedfor theregistration,andits segmentationTheatlas
hasbeenregisteredwith a patientimagepresentinga large tumor. The pathology
hasbeenautomaticallysegmentedIf thetumoris nottakeninto accounin thenon-
rigid registration,thedisplacementeld is biasedby the tumor. This resultsin an
erroneousegmentatiorof theright lenticularnucleusandlateralventricle. Taking
into consideratiorthe pathologyendsup in aninterpolateddisplacementeld in

thetumorarea.Thereforethe correspondencemoundtheright lenticularnucleus
andlateralventriclearenolongerbiasedwhich leadsto a bettersegmentation.

In Figure3.10,we presentan examplewherethe patientbrainhasa large suigical
resectionthatwe seggmentedusingthe algorithmof AppendixB. A simplenon-
rigid registrationis not ableto follow the contourof the cerebellum. If we use
theresectiorsggmentationin our algorithm,the segmentationis the cerebellums
largely improved.

3.3.4 Numerical quanti cation

Testingthe quality of a registrationalgorithmfor a given applicationis an open
problem. However, testingthe quality of a sgmentationis more straightforvard
whenexpert segmentationsare available. We thereforechoseto evaluatethe re-
sulting sggmentatiorratherthanthe registrationitself.

We testedthe proposedalgorithmby registeringsix patientimagestowardsour at-
las. For eachpatientimage the atlassegmentatiorof the brainstemwasdeformed
into the patientgeometry and comparedo manualseggmentationgperformedby
se/enclinical experts. The STAPLE (Simultaneoudruth andPerformance.evel
Estimation)algorithmproposedy War eld etal. (2004a)wasusedto numerically
evaluatethe speci city andsensitvity of the automaticsggmentationf the brain
stemwith respectto the expert sgmentations.The purposeis to verify thatthe
speci city andsensitvity offeredby the atlasregistrationalgorithmareatleastas
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Figure 3.9: Sggmentationof a patientimagecontaininga large tumor. (a) Atlas
MRI. (b) Atlas sggmentation.(c) Patientimage,with large tumor. (d) Tumorsey-
mentation.(e) Recaovereddeformationeld withouttakingthetumorinto account:
theregistrationis in uenced by thetumor (f) Resampledtlaslabelswithout us-
ing thetumorinformation:the segmentatiorfails locally (seeblackarrovs) dueto
thetumor. (g) Recavereddeformation eld whentaking the tumorinto account:
if thetumoris takeninto accountthedisplacementeld is interpolatednsidethe
tumor area. (h) Resampledatlaslabelswhen using the tumor information: the
introductionof thetumorinformationleadsto a morerealisticsegmentation.

Figure3.10: Segmentatiorof a patientimageshaving a braintumorresection(a)
Patientimage.(b) Resectiorsegmentation (c) Resultproducedby a simpleregis-
tration,unavareof theresection(d) Resultproducedy our algorithm,exhibiting
amorerealisticsggmentatiorof the cerebellun{seewhite arrowns).
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Table 3.1: Thereliability of the seven expertsandof our atlasregistrationalgo-
rithm. The tableshavs the speci city andsensitvity of eachexpert/ algorithm,
andtheirranks.Higherspeci city / sensitvity andlower ranksarebetter

\ | Speci city | Speci city rank | Sensitvity | Sensitvity rank |

Expertl 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

goodasthe onesachiered by the clinical experts. Furthermorewe would like the
resultsto bereproduciblesothatwe canprovide areasonablguarante®f result.

The sensitvity andspeci city measureschieved by seven expertsandoneregis-
trationalgorithmon six patientgepresenalarge amountof information. Thus,we
choseto presentwo indicatorsthatseemmoreappropriatgo us:

Thereliability of anexpertor algorithmrepresentds averagespeci city /
sensitvity on a populationof patients.

Theunpredictability of anexpertor algorithmrepresentthe standardievi-
ation of the speci city / sensitvity on a populationof patients.Discussions
with physiciansshaved us that this indicatoris importantin practicaluse:
alower unpredictabilitymeanghatthe worstcasescenaricof the algorithm
failing completelyis lesslikely to happen.

Table 3.1 presentghe reliability of the expertsandthe registrationalgorithm. It
shawvs thatouralgorithmshasaslightly higherspeci city andaslightly lower sen-
sitivity thantheaverageexpert. Boththespeci city andsensitvity of thealgorithm
arecomparablavith theoneachiezed by the experts.

Table 3.2 on the next pageshaws the unpredictabilityof the expertsand of our
algorithm.Again, theunpredictabilityof the algorithmis comparablevith theone
of theexperts,andis lower thanthe averageexpert.

30f course analgorithmwith abadreliability anda goodpredictabilityis notdesirableit would
bea“predictablybad” algorithm.
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Table 3.2: The unpredictabilityof the seven expertsand of our atlasregistration
algorithm. The table shawvs the unpredictabilityof the speci city andthe sensi-
tivity of eachexpert/ algorithm,andtheir ranks. Lower unpredictabilityon the
speci city / sensitvity andlower ranksarebetter

\ | Speci city | Speci city rank | Sensitvity | Sensitvity rank |

Expertl 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

Thestatisticpresentedbove shav thattheproposedutomatiaegistrationmethod
givesresultsof a quality thatis comparablevith the oneachieved by clinical ex-
perts.Furthermoretheresultsarereproducibl€rom onepatientto another

The measurepresentedn this sectiondo not concernthe distancebetweenthe
contoursdrawn by our algorithmandthe realcontours.At this point, no measures
whereperformedaboutthis distance.However, visualinspectionshaved thatwe
areunderthe2mmlimit requiredby the application.

3.3.5 Discussion

In this section,we describeda non-rigid atlasto subjectregistrationalgorithm
aimedat automatinga brainimagesegmentatiormethodfor conformalradiother

apy. Themaindif culty consistsn the unpredictableand hugevariability intro-

ducedeitherby the tumor or the sugical resectionin the patientimage,that has
no correspondenin the digital atlas. Theseadditionalstructuresntroducefalse
matchesn thetransformationandresultin alocalfailureof theregistrationaround
the pathologythatmayalsoleadto errorsin the neighborhoodecaus®f thereg-

ularization. Our methodis basedon segmentingthe pathologyand reducingthe

con denceof the voxels inside the pathology Loweringthe con dencein areas
containingpathologieenablesisto computehematchesy interpolationin these
areas.

Resultsshav animprovementof the segmentationin the pathologyarea. In the
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nearfuture,wewill validatethis methodby comparingsegmentationproducedy
algorithmto onesproducedy clinical experts.We expectthatour grid implemen-
tation,presentedn Chapter6, will enablethe clinical userto transparentlyisethe
computingfacilities of our laboratory We believe this will be very helpful dur
ing the validation. Anotherfuture improvementis the useof our sggmentatioras
ana priori for the pathologysegmentation.An iterationbetweerregistrationand
seggmentatiorwill probablyresultin additionalaccurag gains.
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Chapter 4

Anisotropic regularization

Theprevious chapterintroducedanatomy-basestiffnessinformationinto thereg-
istration. In a uid algorithm,ableto estimatevery large deformationthe appli-
cation may imposesomelimitations in orderto locally presere anatomicalco-
hereng. Until now, the stiffnesshasbeennon-stationaryposition dependent),
but isotropic:the proposedilgorithmcannottake into accoundirection-dependd
elasticconstraints.This chapterattemptgo bring suchinformationinto the regis-
trationprocess.

4.1 Intr oducing anisotropic regularization

41.1 Method

Sofar, during the optimizationprocessthe currentestimateof the displacement
eld was continuouslyregularizedwith a nonstationandiffusion using the heat
equation

@ _ .

a div(d r U)
Thespace-aryingd eld representthelocal stiffnessof thetissue:at somepoint
p, the biggerd(p) is, thelessarelocal deformationsauthorized.In a multisubject
framawork, the “stiffness”is rathervirtual, sincethe registrationdoesnot recover
amechanicatieformation.

Here,we attemptto go one stepfurther andincorporatedirectionalinformation
into d. If we replacethis scalar eld by atensorone (denotedasD), the elastic
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Figure4.1: Graphicalrepresentatiomf a3 3 tensor: a 3D ellipsoid. Its ori-
entationis given by the eigetvectors' coordinatesystemwhile the corresponding
eigevaluesde ne thesizealongtheseaxes.

regularizationcanbecomedirection-dependen If D (p) is the tensorstiffnessat
point p, its singularvaluedecompositioris

0 1
1 0 O
D(p) = (er;e2;e3)@ 0 2 0 A(erieies)’ (4.1)
0O 0 3

whereer = & € & &= & & & 'andes= & € &

aretheeigewectorsassociatedo theeigevalues 1, 2 and 3. Thethreeeigen-
vectorsrepresent coordinatesystemin the 3D space:they have a normequalto
1 andareall perpendiculabn eachother Of course gigewvectorsandeigervalues
are positiondependent.Throughoutthis chapter we will usefor 3 3 tensorsa
commongraphicalrepresentationthe 3D ellipsoid. Its orientationis given by the
tensors eigewvectors(whichareall perpendiculato eachother),andits sizesalong
thethreeaxesis givenby the correspondingigervalues.

In ananisotropiadiffusion framework, the threeeigervaluesrepresenthe amount
of diffusion alongthe axesrepresentedby their correspondingigervectors. We
candistinguishseverallevels of compleity:

The isotropic regularizationdescribedn Chapter3 can be describedas a
specialcaseof anisotropicdiffusion: all threeeigewaluesare equalto the
local scalarstiffness whichis equivalentto thediffusiontensor

d(p) 0 0 !
D(M=@ 0 dpp o0 A
0 0 d(p

Thistensorcandescribdsotropicallydeformableobjects suchasillustrated
in Chapter3.
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One may also perform a regularizationthat is different (but uncorrelated)
alongeachaxisof theimagespaceleadingto ascaladiffusiondy (p), dy(p)
andd,(p) along,respectiely, thex, y andz axes. Thisleadsto thefollowing
diffusiontensor:

4@ 0 o0 °
DPM=@ 0o dypp o0 A
0 0 dz(p

This direction-dependémliffusionis simpleto implement sincethe associ-
atedlinearoperatolis separablalongthreeaxes. However, sincethe eigen-
vectorsare x edto betheaxesof thecoordinatesystemthistensordoesnot
carryenoughphysicalinformation:thereis no reasorwhy in the brain(and,
moregenerallyin naturalobjects)structureshouldbe speci cally oriented
alongthex, y andz axesonly.

In the generakase thethreeeigewectorsrepresent systemof coordinates
thatis differentin eachpoint, andthe associateeigemwvaluesarethe diffu-
sivities alongthe axes of the system(accordingto Eq. 4.1). Anisotropic
stiffnessis useful if we want to speci cally regularize 1D or 2D imaged
structures. For instance whenregisteringbrain images,it may be impor
tantto ensurethe consisteng of sulcallines: voxels lying on a relatively
smoothsulcalline shouldbe warpedsothattheir nal positionsdescribea
smoothsulcalline. We will thereforeconsiderfor eachvoxel onasulcalline
atensorwhoseeigewaluealongthelocal tangento the line is muchlarger
thanthe two eigewvaluesalongtwo axes perpendiculaon thattangent. In
othercaseswe will have to registerimagescontaininganatomicabtructures
with sggmentedsuriaces.We would like thesesurfacesto be deformedn a
smoothmannerwhile giving thealgorithmthefreedomto deformtheimage
spacearywhereelse.We leave thetuning of the diffusiontensorfor the next
section.

In Section4.2,we will usethis diffusiontensorin orderto presere the shapeof
thestructuref interestduringthedeformation.

4.1.2 Numerical implementation

After replacingthe scalarstiffness eld d with atensor eld D, the regulariza-
tion stepconsistan solving the following anisotropicdiffusion equationfor each
component) of thedisplacementeld

%:div(DrU)
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TheAdditive OperatoiSchemeaspresentedh Section3.1.4,is nolongervalid for

anisotropicdiffusion: the right handterm of the above equationcanno longerbe
separatedhto 3 terms,eachcontainingthe derivativesof U alongthe directions
X,y andz. Equivalentscheme$ave beenproposedor anisotropiadiffusion (We-

ickert (1998); Mrazek and Navara (2001)), but they separatehe diffusion along
mary directions.

For simplicity, we decidedto implementour anisotropicdiffusion equationusing
anexplicit schemediscretizedusing nite differencesAlthoughthis schemeam-
posessmalltime stepsjts computatiortime canbeconsiderabhdiminished since
aparallelimplementations straightforvard.

4.2 A thick membranemodel

Commonly anatomicalatlasessuchasthe one usedfor the sggmentationof the
centralgrey nucleiin deepbrain stimulationplanning,containan atlasMRI, and
the surfacesof the structuresof interestwhich were delineatedby experts. The
displacemenbf thesesurfacesmustbe kept regular, while still allowing themto
deform.

In Chapter3, we shaved that uid registrationcanrecover very large deforma-
tions, but the estimatedieformationdoesnot sufciently presere the anatomical
cohereng. In this section,we bene t from thefactthatwe areonly interestedoy
the surfacesof the structureswhich are segmentedin the atlas,andwe are less
interestedaboutthe anatomicatohereng anywhereelse.We wantthe surfacesto
move freely, behighly deformablebut alsohighly regular, in orderfor theirshapes
to be anatomicallycorrect. Therefore we useasa startingpoint a uid registra-
tion algorithm,whichis highly deformableandin whichwe introduceaminimum
level of elasticregularizationin orderto keepsuriacesregular. In essenceheidea
is to modelthe deformationof closedmembranegrepresentinghe surfacesof the
structureof interest)in a uid ervironment.The uid candeformfreely, bothin-
sideandoutsidethemembraneHowever, thedeformatiornf themembranehould
staysmoothjn orderto presere theshapeof theanatomicaktructurdt represents.

Remark We authorizelarge deformationga uid behaior) inside eachmem-
brane. This amountsgto the interior of the structuresof interestdeformingfreely.
Therefore the anatomicakohereng is no longerenforcednsidethesestructures.
Thisis notreallyannging if, for theclinical applicationwe do notuseknowledge
abouteventualsubdvisions of the structuresof interest. In particular this is the
casefor the planningof the implantationof electrodedor deepbrain stimulation,
wherewe areinterestedn pinpointingthevariousgrey nuclei.
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4.2.1 Problem presentationon a synthetic example

Figure4.2 presents simpleexample:we wantto regularizea spheresurface,and
in thesametime minimizethein uence of blackvaluessurroundinghe sphereon
theintensitiesof the spherevoxels. This situationis encounterean the displace-
ment eld, wherewe wouldlike to regularizethe surfaceof a sggmentedstructure,
but diminishthein uence of surroundingareasonit.

By applyingthekind of regularizationthatis performedin Chapter3 (strongand
uniform inside brain tissues) the white bordersare affectedby valuesin smooth
areasandthereforedegraded.The gure alsoshaws theresultof anisotropicdif-

fusion, which doesnot regularizethe displacementsf voxels inside and outside
the structure.However, sincethe bordersarethin andcontainrelatively few vox-
els, the diffusion still takestoo muchinto accountpointssurroundinghemwhen
regularizingthe displacemenbf the structureborders.The signalis thereforestill

degraded.

A technigueeommonlyusedn imagedenoisings thecoherencenhancingnisotropic
diffusion. Theimageis diffusedeverywhere gxceptin areaghathave stronggra-
dients.Onthesé‘contours”,theimageis only diffusedin thedirectionsperpendic-
ularto theimagegradienttherebyavoiding to smoothouttheimagedobjects.If u
is the (scalar)image,the structuretensor eld isde nedasS= G  (r ur u'),
whereG s the Gaussiamf standardleviation . Theeigemwectorcorresponding
to the largesteigewalue of the structuretensorgivesthe directionof the largest
intensityvariation.In orderto enhancehecohereng of the contoursthediffusion
tensorD nearthe edgesis built with a small eigevalue alongthis largestinten-
sity variationdirection. The othereigemwalues(in the planelocally tangentto the
surface)arefairly large. In areaghatarenot on edgesall eigevaluesarelarge,
which ensuresa large regularization. The procesghenconsistan anisotropically
diffusing the imagewith the structuretensor% = div(Dr u). For areview of
currently existing anisotropicdiffusion techniqueswe refer the readerto consult
Weickert (1997).

The solutionwe adoptto obtaina regular spherewithout loweringits intensityis
to anisotropicallydiffusethe spherémage.Thediffusiontensor(Fig. 4.3)is small
andisotropicinsideandoutsidethe sphere.On the surfaceof the spherethe ten-
sorsexhibit alarge anisotroy: Eigervaluescorrespondingo thetwo eigemwectors
in the planelocally tangentto the sphereare large, thus ensuringthat the image
intensityon the spheres regularized. The third eigevalue, correspondingo the
normalto thespheresurfaceis small,therebypreventingtheimageintensityof the
sphereo beloweredby thein uence of surroundingblackvoxels.

61



(&) A slice of a white spheri- (b) The sphereimage was uni-
cal thick surface on black back- formly diffused, leading to a

ground,affectedby 30%noise. degradationof the intensities of
spherevoxels.

(c) Only the thick surface was (d) Only the thick sphericalsur
isotropically diffused. The signal facewas diffused, in the tangent
is still degraded. plane.Thesignalis notdegraded.

Figure4.2: Regularizinganimageof a thick sphericalurface(a). By performing
a uniform diffusion (b), the intensity of the pointson the sphericalsurfaceis de-
gradedby surroundingvalues.Evenif we isotropicallyregularizeonly the voxels
thatlie nearthe spheresurface(c), the intensity of thesevoxels is still lowered.
Anisotropicdiffusionweightedby thetensor eld proposedn Section4.2.2regu-
larizesthe spheresurface(d), without lowering the intensityonit. Note: in order
to make the spherevisible in theimagesthe spheresurfaceis 6 voxelsthick.
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Figure4.3: Diffusiontensorgyeneratedrom thespherestructureborders Onthese
bordersthey arelarge, rather at andparallelto the surface. They aresmalland
isotropicarywhereelse.Theimagewas“cut” onthevisible side,in orderto allow

aview onthetensorsnsidethesphere.

63



Algorithm 1 Regularizingstructureborders:computatiorof the diffusiontensor.
This algorithmmakesreferenceso Algorithm 2 onthefacingpage.
for eachvoxel p do
if p belongsto somesurfaceS (accordingo Algorithm 2) then
n = normalto thesurfaceof S in p (accordingto Algorithm 2)
e andes = two unit vectorsperpendiculapn n andon eachother
r =the“small” (residual)diffusion
s = the (large) amountof diffusiononthesurface
the diffusion tensor has eigewvalues ( r; s; s) and eigemwectors
(n; e2;€3) (Eq. 4.1)
else
thediffusiontensoris isotropicwith all eigervaluesequalto r
endif
endfor

4.2.2 Regularizing structur e surfaces

We wantto ensurehatthe displacementsf the surfacesof the structuresf inter
estdeformin aregular mannerwhile the remainderof the imagedeformsfreely:.
We modelthe surfacesof thesestructuresaselasticmembrane# a uid environ-
ment. In orderto let thesesurfacesbehae ascloseaspossibleasmembranegin
particularto let themslide over eachother),we regularizethe displacemenof the
surfacesof interestonly in theirtangentplane.In doingthis, we proceedn aman-
nerthatis somevhatsimilar to the coherencenhancinganisotropiadiffusion, but
with threemajor differencesFirst, our diffusiontensoris estimatedasednot on
imageedgeshut onthestructuresurfaces.Secondthetensoris usedto regularize
thedisplacementeld, ratherthananimage.ln ourapplicationwe assumehatthe
regularizationof thethreedisplacementoordinatess independenandregularized
usingthe sametensor Third, like in the sphereexample,we performavery small
diffusionin areasthatare not on the surfaces,ratherthana large one. This will
male our algorithmto behae in avery uid mannereverywhereexceptthe struc-
ture surfaces. Therefore thetensor eld is computedusingthe simplealgorithm
1.

Let usapplythis methodto the registrationof animageof a Parkinsoniarpatient
with the sgmentedanatomicahtlas. Figure4.4 presentghe atlasT1-MR image
with superimposedtructures.Thesestructuresveremanuallydelineatedn his-
tologicalsectionsandthenrigidly registeredn the MRI geometry Thestructures
wereonly sggmentedn theleft hemispheref the brain (usingradiologicalimage
alignmentcorventions theleft hemispherés ontheright sideof theimagein axial
andcoronalslices).In orderto sggmentthe otherhemispherethe patientimageis
mirroredw.r.t. the sagittalplane.

Figure4.5 presents detail of the atlasMRI. Therearetwo interestingaspectsn
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Algorithm 2 Testingif a point p belongsto a surfaceS and,if yes,computeghe
normaln to the surface. This algorithmis not optimal, sinceit doesnot allow to

determinghin surfaces.
letM beabinarymaskof theinteriorof S

letgrad(M ) bethegradienimageof M , andkgrad(M )k its norm
let gmax beausersuppliedgradientthreshold
if kgrad(M )k > gmax then
p belongsto thesurfaceS
n = grad(M )=kgrad(M )k
else
p doesnotbelongto the surfaceS
endif

Figure4.4: Atlas T1-MR imagewith somesuperimposedtructures.
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Contour
inside
ventricle

Putamen

(a) Atlasdetail: somebordersof thegrey nu- (b) Atlas detail with somestructures: due

clei (e.g.putamenjrebarelyvisible. to a missra@istrationof histologicalsections
towards atlas, somebordersof the nucleus
caudatusreinsidetheventricle.

Figure4.5: A detailof theatlasMRI exhibits someatlasissuesthe edgesof some
structureqe.g. the putamen)are barelyvisible (left); contoursyieldedby expert
segmentationon histologicalsectionsare slightly misplaceddueto a minor rigid

misrayistrationbetweerthe histologicalsectionsandthe MRI (right).

this gure: rst, theatlasMRI is a post-mortenone, with a very low white mat-
ter/gregy mattercontrastandthusthe bordersof the grey nucleiaresometimesot
distinguishablesecond the rigid registrationbetweenthe MRI and the stackof
histologicalsectionswasnot always perfect,which makesthe bordersof the nu-
cleuscaudatusslightly penetrateénsidethe ventricle. We arecurrentlyaddressing
theseissues.

In the following experimentwe only usedtwo structures:the nucleuscaudatus
andthe putamen.A tensor eld wascomputedoasedon the bordersof thesetwo
structuresaccordingo Algorithm 1 (Fig. 4.6). As in the syntheticexample,onthe
surfacesof the structuresensorsarequasi-planaandparallelto the surface. They
areisotropicandvery smallarywhereelse.For the planartensorsthetwo “large”
eigemwvaluesareaboutl100timeslargerthatthe smallone.

Figure4.7 shavs a comparisorbetweerthetaigetimage(atlas)andtheresampled
source(patient)image. The two imagesarevery close,which is a characteristic
of uid registration. However, anothercomparisorwith uid registration (Fig.
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(a) Norm of the tensor eld super (b) Ellipsoid representationf thetensor eld. The
imposedon a crop of thetargetim- visualizationrepresentsnetensorevery six voxels.
age.

Figure4.6: Tensor eld computedbasedon the bordersof the nucleuscaudatus
andthe putamenOn structureborderstensorsarequasi-planaandparallelto the
surface(thetwo “large” eigewvaluesareabout100timeslargerthatthesmallone).
They areisotropicvery smallanywhereelse.
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(a) Zoom of the patientim- (b) Correspondingzoom of (c) Zoomof theatlas(target
age (usedasthe sourceim- the resampledmage (to be imagein theregistration).
agein theregistration). comparedo the atlasimage

(©).

Figure 4.7: Registration result using the proposedanisotropicregularization
methodonthesurfacesof theputamerandthenucleuscaudatusAfter registration,
the patientimage(a) wasdeformednto the geometryof the atlas. This resampled
image(b) is very closeto the tamget atlasimage(c) despitethe sourceimage(a)
beingvery different.

4.8) shaws thattheintroductionof our regularizationmethodgreatlyimprovesthe
regularity of sgmentedsuriacesafter deformation.

4.2.3 Discussion

The regularizationmethodpresentedn this sectionintroducesin the uid regis-
trationa minimumlevel of regularizationin orderto presere the cohereng of the
surfacesof desiredstructures.This is doneby modelingthesesurfacesaselastic
membranesand let the remainderof the image (interior and exterior of the sur

faces)behae like aviscous uid. In orderto achieve this effect, we replacethe
isotropicregularizationby an anisotropicone: closeto the structuresurfacesthe
diffusion is high, anisotropicand parallelto the surface;it is isotropicand very
small arywhereelse. The main adwantageof this methodis thatit givesto the
structureghe ability to deformandto move with respecto eachother while still

keepingtheir surfacesregular This allows usto cumulateadvantageof uid and
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Figure4.8: The sggmentatiorof the putamerandnucleuscaudatusThe contours
(a) aresmoothcomparedo the onesobtainedhrough uid registration(b).

elasticregistration: the resampledmageis very closeto the target (asin uid
registration),andthe deformedsurfacesareregular (asin elasticregistration).

Our experimentunderlinedsomeissuesremainingto be solved in our approach.
The main problem comesfrom the relative lack of contrastof the centralgrey

nuclei: theintensitiesn thetwo imagesdo notseento provide enoughinformation

on the bordersof somenuclei. The lack of contrastis particularly acutein the

atlasimagewhich wasacquiredpost-mortemandthusexhibits an exceptionally
low white matter/ grey mattercontrast. Futurework will have to concentraten

increasingthe contrastof the grey nuclei. We ervision two possiblesourcesof

additionalinformationthatcanbe usedto matchthesenuclei:

1. Onecould usethe information of the segmentedstructuresn the atlasin
orderto compensatéor the lack of contrast. This may allow to arti cially
enhancehe contrasiof theatlasMRI nearthesurfaces.

2. If morethanoneimagemodality is availablefor boththe atlasandthe pa-
tientimage,a classi cationmethodsimilar to the onepresentedyy Dugas-
Phocionet al. (2004) (basedon a multi-modality EM algorithm) could be
usedin orderto obtainfuzzy mapsof white andgrey matter We believe that
thesemapsprovide morereliableinformationthantheraw imageintensity
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Chapter 5

Parallelization

Previous chaptersddescribeda non-rigid registrationalgorithmthatis ableto real-
istically modelthe deformationsof hon-homogeneousrgans,suchasthe brain.
In orderto estimatemore realistic deformationsof theseorgans,the modeluses
a priori knowledgeabouttheir deformability The algorithmusesa densetrans-
formationmodelthatis ableto describene local deformationsThe semi-implicit
Additive OperatoiSchemeusedto performthe non-stationarysaussiamegulariza-
tion insuresarelatively low computatiortime (severaltensof minutes,depending
ontheimagesize).However, in hospitalstimeis expensve in humanand nancial
terms.ldeally, theregistrationshouldonly addatime thatis smallwith respecto
the total amountof time requiredby the medicalintervention. After discussions
with physiciansye estimatedhatthe computatiorshouldtake nolongerthan ve
minutes.Thiswould bringthecomputatiortime down to a“humantime”* of afew
minutes.

The purposeof this chapteris to presenta methodthat accelerateshe algorithm
without compromisingon its accurag or its robustness.We want to drastically
reducethe computationtime while executingrigorously the samealgorithmthat
wasdescribedn the previous chapters.Sincethereare no miraclewaysto make
a microprocessoexecutethe samecomputationsn much lesstime, we useda
parallelcomputemwith severalmicroprocessort performtheregistration.

This chaptebeginsby a quick presentatiorf parallelcomputingandhow we can
make the bestuseof it in orderto solve our registrationproblem(Section5.1.1).
In Sectionb.2,we provide aglobalview of the parallelimplementationFollowing
sectiongletailthe parallelizationof thealgorithm.

We think a goodestimateof how mucha userwantsto spendwaiting for aprogramto nish is
givenby thedurationof a coffee break.Writing ane-mailis anothereliableestimate-)
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5.1 A brief overview of parallel computing

5.1.1 Parallel architectures

Technologydivides parallel computersinto two main classesdependingon the
way the microprocessorsynchronizewith eachother:

In shaed memorycomputes, all microprocessorbave a randomaccesgo
the sameinternalmemory They sharea commonmemoryspacejn which
ary processoicanaccesdatain a transparentnanner basedonly on the
memoryaddress.

Distributedmemorycomputes containmicroprocessorthathave their own
private memory No processorcan have a direct accesgo the memoryof
ary other processqrandthereis no commonaddressspace. Instead,the
processorare connectedoy a communicationnetwork. Synchronization
is doneby communication: one processorsendsdata, while anotherone
receivest. Thefunctionalunit containingthe processqrits memoryandthe
network interfaceis commonlycalleda nodé, or simply a processor

Thetwo technologiehave theirown advantagesinddravbacks.Sincethey have a
commonaddresspace sharedmemorycomputersareeasierto program:all pro-
cessordiave accesgo all thevariablesn theprogram.Howevery, it is dif cult for a
singlememorychip to simultaneouslyrovide datato mary processorsThistends
to make sharedmemorycomputerdnef cient for memoryintensve applications
like ours. Technologicakolutionsto avoid this memorybottlenek exist, but they
are nancially very expensie. Onthe contrary distributedmemorycomputersare
moreefcient for memoryintensve applications:eachmemoryonly “talks” to its
own processor However, synchronizatiorbetweenprocessorss muchharderto
manageasthereare no sharedvariablesandthe programmethasto useexplicit
datacommunicationbetweerprocessorsThesecommunicationsireeasierto de-
scribeif the algorithmhasa regular structure:it useslarge vectorsof datawhich
areprocesseth asimilarmanner

Theregistrationalgorithmdescribedn the previous chaptemsesa lot of memory
but is ratherregular  The algorithmic operationsperformedin orderto estimate
thetransformatiorat eachpointareidenticaf. This enablesisto usea distributed
memorycomputer The machinethatwe usedis a widespreadnodel: a clusterof
workstations It consistf severalworkstationgthey canbe PC's, Mac's or Unix
workstations)inkedtogetherthrougha Local AreaNetwork (LAN). This setupis
commonin laboratoriesandhospitals.

20Onecanimaginea distributed memorycomputeras a graphwherea network edgelinks each
pair of computationahodes.
3with minor exceptionson theborders.
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5.1.2 The Single-Program-Multiple-Data programming model

Fortunately the programmeiof a distributed memoryparallel computerdoesnot
have to explicitly describeheactionsof eachof its nodes.In the Single-Program-
Multiple-Datamodel,all nodesexecutethesameprogram put theirbehaior changes
dependingon the local valuesof internalvariables.Oneimportantvariableis the
rankof thenode,anintegerthatuniquelyidenti es eachnodeinsidea cluster For
simplicity, we considerthe rank to be in the range0::: number of nodes 1.
We call the nodewith rank 0 the masterof the cluster Although nothingdistin-
guisheghis processofrom its fellows, it is by conventionthe onethat performs
somespecialoperationslike consoleor le inputandoutput.

Processorsancommunicatehe contentsof internalvariables. The communica-
tion is donethroughmessges that are sentby one processorand receivedby
another Sendandreceve operationanustcorrespondo eachother Sometimes
a nodehasto sendthe contentsof a variableto all the othernodes. We call this
operationa broadcast For instancejt is commonfor the mastemodeto readthe
inputdatafrom a le andthenbroadcasit to the othernodes.

Mary timesthe internalvariablesare large arrays. If parallelismis achiezed by
having eachprocessouseor computea partof the elementof suchanarray it is
interestingto distribute the arrayto the nodes.The mannerin which the elements
aredistributedis calledthedatadecompositionif initially all element®f thearray
areon the samenode,they mustbe scatteed to the othernodesin orderto obtain
adistributedarray Corversely theelementf a distributedarraycanbe gatheed
to obtaina corventionalarrayinsidethe memoryof a node.

5.2 The parallel structur e of the algorithm

Perhapghe mostimportantthing in creatinga parallelalgorithmis to establisha
datadecompositiorof the variousdataarraysthatthe algorithmuses. This deter
minesin anessentiamannerthe patternof communicatiorbetweerthenodes.At
thebeaginning of thealgorithm,the spatialsupportof thetransformations cutinto
subdomainsgonsistingn parallelstacksof slices thataredistributedto the avail-
ableprocessorgFig. 5.1). Sincethe processingrodesonly computethe displace-
ment eld atthevoxelsof theirown subdomainthecorrectioneld is decomposed
in the samemannerasthedisplacemenbne.

Thankgo theirrelatively smallsize thetwo inputimageanaybemaintainedn the
memoryof eachnode. Sinceat eachiterationthe sourceimageis resampledvith
anapriori unlimiteddisplacementeld, the sourceimagehasto be entirelymem-
orizedby eachnode.However, if the SSDsimilarity criterionis used,a processor
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Figure5.1: Thedatadecompositiorof the displacemenandcorrection elds with
6 processors.

Proc. 1 Proc. 2 Proc. 3 Proc. 4Proc 5Proc. 6

-

computinga certainvectoru(p) of thecorrection eld ata point p only needshe
valueof thetargetimagel (p) in thesamepointp. In this particularcasethetamget
imagecanbedistributed.

Fromanalgorithmicpointof view, we candistinguish3 logical partsin ourmethod:
the computatiornof the gradientof the similarity criterion; the compositionof the
displacemenandcorrection elds; the Gaussianltering (requiredto computethe
gradientof the similarity criterion);andthe AOS-basedegularizations.

The estimationof the gradientof the SSDat onevoxel requiresthe resamplingof
the sourceimageandthe computatiorof the gradientof the resultingimage. The
resamplingcanbe doneindependentlyn eachsubdomairsinceprocessor&now
bothimagesentirelyandthe transformatiorof their subdomain.

5.3 Parallel compositionof displacement elds

As we have seenin Chapter2, oncea small correction eld hasbeenestimated,
it is composedwith the currentdisplacementeld. This raisesan issuein the
parallelimplementationboththe correctionanddisplacementeld aredistributed
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amongthe processorsThetrivial solutionis to gatherthetwo elds on processor
0, make it performthe composition,andthenscatterthe composedeld backto
theprocessorsThis algorithmis howvever inef cient, for two reasons:

1. Eachof the elds is fairly large. For instance,if the size of the images
to registeris atypical 256 256 120, the total size of thetwo elds is
180MB.

2. Evenwhenusinga simpletrilinear resamplingthe compositionitself is a
demandingomputationwhich consistdin morethan70 oating pointoper
ationsfor eachvoxel.

Therefore,we would like to performthe compositionin parallel, without redis-
tributing data.Let usrecallthatthe compositionof thetwo elds is

(U u)(p) = U(p+ u(p)) + u(p)

In our datadecompositiona processoowning the voxel p hasto accesghe cor
rection eld u atthevoxel p, anddisplacementeld U atthevoxel p+ u(p). If the
sizesof the correctionvectorswere unlimited, the communicatiorpatternwould
be very comple, aseachprocessomould have to explicitly requestpartsof the
deformationeld thatareownedby the otherprocessorsHowever, we guaranteed
in Section2.2.3the invertibility of the recaveredtransformatiorby limiting the
size (in voxels) of eachcomponenbf the correction eld at eachiterationto the
intenal ( 0:5; 0:5). Thisimpliesthat,in orderto computeJ (p+ u(p)) usingatri-
linearresamplinga processopnly hasto know the displacementeld U in points
that are neighbos of p onthe grid. The parallelcompositionof thetwo elds is
straightforvard:

1. Eachprocessorsommunicateso its neighborghe displacemenvectorsof
U lying on the one-\oxel-wide bordersof its domain. At the end of this
communicatiorstep,if aprocessohasapointp in its domain,it alsoknows
thedisplacementeld in all neighborof p.

2. Asthecomponentsf u(p) arelimited in sizeto 0:5, eachprocessocannow
computeU(p + u(p)) + u(p) for all pointsp of its domainusingatrilinear
resampling.
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5.4 Parallel Gaussiansmoothing

Althoughthe regularizationis implementedusingan AOS-basedliffusion, Gaus-
sian ltering is still neededoy the algorithmin orderto computethe gradientre-
quiredby thederiative* of thesimilarity criterionr SSD = (3 T 1)r (J T).
Indeed whencomputingthis derivative of thesimilarity criterion,it is importantto
avoid local minima. Sincethe deriative of animagecontainingnoiseis affected
by thatnoise we needto computeasmoothgradientr (J T) of thesourcamage.
Therefore we have to parallelizeanimplementatiorof the Gaussianltering.

Thereare at leasttwo waysto reducethe computationtime when corvolving a
three-dimensionamagewith a three-dimensionabGaussian.First, one cantake
adwantageof the sepaability of the three-dimensionaBaussiah: corvolving an
imagewith it amountgo successkely corvolving theimagewith threeone-dimensional
Gaussiangvith thesamestandardieviation. If we considera Gaussiarof standard
deviation asapproximatelynull outsidethe[ 3 ;3 ]intenal, thecorresponding
Gaussianlter consistsn corvolving theimagewith acubicalkernelof size(6 ) 3.
If thevoxelsareof sizel 1 1, thisamountgo (6 )2 multiplicationsfor each
voxel. This high dependencef the computationtime on the standarddeviation
of the Gaussianhenceon the level of regularization,is highly penalizing. How-
ever, aonedimensionalGaussianlter with the samestandardieviation consists
in convolving theimagewith alinearkernelof size6 . By takinginto accounthat
theimageis ltered threetimeswith one-dimensionaternels thisamountgo 18
multiplicationsfor eachvoxel, andthereforealinearvariationof thecomputational
compl«ity with theamountof regularization.

SecondPeriche(1992)proposedo replacehecorvolution with aGaussiarkernel
by arecursve approximationwhich achievesa computationtime for eachvoxel
thatis constanwith respecto thewidth of the Gaussian In this section we begin
by recallingthis algorithm,proposewo parallelimplementationsand nish by a
comparatie analysisof their respectie algorithmiccompleities.

5.4.1 The sequentialrecursive algorithm

In this section,we recall the recursve implementatiorof the Gaussianltering,
asestablishedy Deriche(1992). It will sene asa basisto establishthe parallel
algorithm. The main adwantageof this algorithmis that, unlike the cornvolution,
the computatiortime doesnot dependon the standarddeviation of the Gaussian.
Thistime dependdinearly ontheimagesize.

“In practice we corvolve with the derivative of the Gaussianbut the parallel Itering algorithm
is thesame.
SThis propertyis valid for any numberof dimensions.
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In onedimension the Gaussiarcanbe representethy a non-causallter €. Since
a non-causallter cannotbe implementedin a recursve manney the algorithm
consistsin applyingonecausal andoneanti-causat Iter: assumingh(j) to be
theimpulseresponsef the Gaussianit is splitinto a causabpart

. h() ifj o
@)= o <o

andananti-causapart

0 ifj O

)= gy itj<o

By minimizing the meansquareerror betweerthe resultof fourth orderrecursve
Iters, andtheresultof equivalentGaussianlterings, thealgorithmpre-computes
thecoefcients j, j, j and ; of twofourthorderrecursve lters, dependingn
therequiredstandardleviation of the GaussianThen,thefourth ordercausallter
(5.1) is appliedforwardsandthe correspondingnti-causallter (5.2)is applied
backwards.

xS x5

out” = jini j + jout” (5.1)
j=0 j=1
xS xS

out, = jini+; + jout;, ; (5.2)
j=0 j=1

The ltered versionof the signalis obtainedby taking the sumout™ + out of
thesignal Itered by (5.1) and(5.2). In moredimensionspnetakesadwantageof
the separabilitypropertyof the Gaussianandsuccessily Iters theimagealong
all directions. Whenapplyingthe lter to someimagein a certaindirection,the
imageis decomposedhto lines alongthatdirection. Throughoutthis chapterwe
will call thelinesalongtherecursve ltering directionscanlines Eachscanlines
consideredisanone-dimensionaignalthatis Itered independentlyf theothers
usingthe forwardsandbackwardsschemgAlgorithm 3).

5A Iter whoseoutputvalue at the currenttime dependsot only on the input valuesat past
momentshut alsoon theinput valuesat futureinstants.

"Theoutputvaluesof acausallter depencbnly ontheinputvaluesat pastmoments.

8Corversely the outputvaluesdependnly on theinput valuesat future moments.
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Algorithm 3 Recursie Gaussianltering.
computethecoefcients j, ;, j; and ; dependingn
for eachdirectiond 2 fx; y; zg do
for eachscanlind alongd do
/I Iter forwards
for eachpointi in | in increasingorderdo

JEQ.(5.1) .
out’ = 1P i j+ 1P jout!
endfor

/I Iter backwards
for eachpointi in | in deceasingorderdo

IIEQ.(5.2p =
AP <5
out, = }=O j|i+j + }=l jOUti+j
endfor

/I write theresultbackinto theline |
for eachpointi in | do
li ;= outy + out
endfor
endfor
endfor

5.4.2 The border sendingalgorithm

We presentelav the caseof a scalarimage. For a vector eld, the operatiorhas
to be repeatedor eachof its components.The Gaussianlter is separableso
convolving athreedimensionaimagewith anisotropic Gaussians equivalentto
successkly convolving the imagewith a one-dimensionaGaussiaralongeach
axis. By adoptinga block decompositioralong one axis only, the Itering along
two directionscan be donewithin eachblock without any communication. For
Itering alongthedecompositioraxis,onemaybene t from theexponentialdecay
of the Gaussiana goodapproximatioris to considerthe Gaussiarasnull outside
its [ 3 ; + 3 ]intenal (wherewe denotedwith the Gaussiars meanand
with  its standarddeviation). Therefore,when convolving a one-dimensional
signalwith a Gaussianwe canconsideithatthevalueof the Itered signalin some
point p depend®nly of the valuesof the pointsof theinitial signalwithinp 3 .
This leadsto thefollowing simplealgorithm(Figure5.2):

1. Eachprocesssendsits bordersof width 3 (in gray in Figure5.2) to its
neighbors.

2. Eachprocessecevestheneighborsbordergin dashedyrey) andaddsthem
to its own domain,obtaininganextendeddomain.
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Figure5.2: The send-borderalgorithm: Eachprocesssendsts 3 -wide borders
toits neighborsandthen Iters theenlageddomain.

3. Eachnoderecursiely Iters its own extendeddomainandthenthrovs avay
thereceved borders,n orderto obtaina domainthe size of theinitial one.
For ef ciency reasonsthe corvolution with a Gaussians approximatedn-
sideeachdomainby the sequentiatecursve lter.

This algorithmhastwo dravbacks: First, the producedresultsare not rigorously
correctsincethe value of a Gaussians not perfectlynull outsidethe 3 intenal.
Usinglarger borderswill make the parallelalgorithmlessef cient. Secondgeach
processhasto applythe Iter to adomainthatis largerthanits own. And nally,
theamountof datasentthroughthe network is proportionalto the Iter' s standard
deviation. Thisis penalizingif thedesiredevel of regularizationis high.

5.4.3 A pipeline algorithm

An alternatve is to directly parallelizethe fourth orderrecursve implementation
of the Gaussianasfollows. Let usconsiderthellines of theimagealongthe block
decompositiordirection: they canbe Itered independentlyf eachother Dueto
therecursve natureof the Iter, computingthe valueof onepointdepend®n the
Itered versionof the previous pointwhen ltering forwards,andof the following
pointwhen Itering backwards.Thismeanghatthe Itering of onesingleline can-
not be donein parallel. However, differentprocessorsandealwith their partsof
differentlinessimultaneouslyAlgorithm 4, Figure5.3): At stepl, theleft process
beginsprocessindts partof the rst scanline Meanwhile,processorg and3 wait.
Onceprocessof. nished, it canpassonto processoP thecontentf the4 points
(sincethe orderof the lter is 4) thatprocessoR needsn orderto processts rst
pointof its partof the rst scanlineProcesd lters its partof thesecondscanline
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Algorithm 4 ThepipelineparallelGaussianmecursve lter.
for eachdirectiond do
[* lter forwards*/
for eachscanlind alongd do
if notthe rst processoalongd then
receve from the precedingprocessonlongd its already- Iteredlast

4 points
endif
Iter forwardstheline |
if notthelastprocessoalongd then
sendthelast4 pointsto thesucceedingrocessorlongd
endif
endfor
[* Iter bakwards*/
for eachscanlind alongd do
if notthelastprocessoalongd then
receve fromthesucceedingrocessoalongd its already- Itered rst
4 points
endif
Iter backwardstheline |
if notthe rst processoalongd then
sendthe rst 4 pointsto the precedingprocessoalongd
endif
endfor
endfor

while proces lters its partof the rst scanlineandprocess3 doesnothing. At
theendof this step,processl passeshelast4 pointsof its partof thesecondscan-
line on to proces2, while the latter one sendsthe last 4 pointsof its part of the
rst scanlineto thethird processThisway, all the processework simultaneously
without Itering onescanlinein parallel. The "processipeline" however takesa
numberof stepsequalto the numberof processebeforeworking atits full capac-
ity. Thefull accelerations achiezedif the numberof linesis muchlargerthenthe
numberof processesyhichis usuallytruein a clusterof workstations.

5.4.4 Performanceanalysis

Two methodsto achieve parallelrecursie Gaussianltering were proposed.We
now quantify the algorithmic compleity of eachof them: computationakcom-
plexity, network usageandmaximalacceleratiorfwhenthecommunicatioriimeis
null). We assuméelow thatwe are ltering animageof sizeNy Ny N using
M processorsThe lter hasa standarddeviation . We assumehatcomputing
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Figure5.3: Thepipelineparallel Itering of a2D imageof 10 lineswith 3 proces-
sors.Insideeachline, the stepatwhichit is processedk given. At theendof step
5, processol hasjust nished ltering its partof the fth line, andis sendingthe
last4 pointsto processoR. Meanwhile,processof hasjust nished ltering its
partof the fourth line andis sendingits last4 pointsto processoB8 who hasjust
nished lItering its partof the third scanline.At step6, the threeprocessorsill
Iter theirpartsof lines6, 5 and4.

therecursve Iter (Equationg(5.1) and(5.2)) for eachpointis donein atime't.
Thistimeis the samefor the sequentiamethodandthetwo parallelalgorithms.

Computational complexity In the rst method,eachprocessilters its own do-
main plus the mamgins that the neighboringnodessent. So the computatiortime
is NyN, I\I\I/I_X + 6 t. Thesecondmethoddoesnot lter bordersbut thereis a
pipeline lling andemptyingpenalty Thereforethe computatiortime in this case

. NxNyN; M
is =t + (M 1)Ret.

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

Finally, let us investigatethe numberof messagesent. For the rst algorithm,
eachprocessosendonly two messagesontainingthe two borders.For the sec-
ond algorithm, the numberof messagess larger (2NyN;), which can make the

81



Table5.1: Theoreticaperformancesf thetwo parallelrecursie Gaussianltering

algorithms.
Quanti er Borderssendingalgo 1 Pipelinealgo2
Computatiortime NN, Newg ¢ | BNz ¢4 (M 1) Ny
Amountof datasent 6NyN, 16NyN,
Numberof messages 2 M
Maximal acceleration “% 1+L'2A7M1)
Nx NyNz

algorithminefcient. However, a trade-of betweenthe numberof messageso
sendandthe maximumparallelacceleratiorcanbe madeasfollows: Ratherthan
sendingthe last four pointsof a singleline at a time, one cansendthe last four
points of sereral linesin a single messaget the costof anincreaseof the time
necessaryo Il thepipeline.If we denotethis numberof lineswith L, thenumber

of message$or the secondalgorithm becomes% andthe computationtime

becomed:NiNz ¢4+ (M 1)L Nt

Maximal acceleration Evenif we considera null communicatiortime, the ac-
celerationis notlinearin eitherof thecasesFor the rst algorithm,onemusttake
into accountthe additionaltime neededo Iter thetwo receved borders.There-
fore,theacceleratiowith M processorss:

NxNyN, t M

NyN, Nes ¢ 1+ 8M

Ai(M) =

Noticethatfor oneandtwo processorghelaw aboveis nottrue: For oneprocessor
no bordersareaddedA1(1) = 1), whereador two processorspnly oneborderis

addedperprocessofA1(2) = 2= 1+ & ).

For the secondalgorithm,we musttake into accounthetime necessaryor Iling
andemptyingthe pipeline:
NyNyN, t M

Ner o NxNyNz, LM 1)
e A (I

Ax(M) =

Eachof the two algorithmscanbe the mostef cient in differentsituations. The
rst algorithmis ef cient if the standarddeviation of the Gaussians low andthe
connectiometwork hasahighlateny. Thesecondneis moreefcient in sparing
processotime andnetwork bandwidth especiallyif the standarddeviation of the
Iter' s Gaussiaris high. The dravback of sendingmary messagesanbe dealt
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with by tuningtheL parametefnumberof linessentin onemessage)ln practice,
L is determinedexperimentally asa function of the network lateng: it hashigh
valueswhenthelateng is high,while low lateny networkscantoleratesmallL's,
therebyimproving the maximal acceleration.The secondalgorithm hasanother
adwantage:The minimumwidth of a processodomainis 4 points,whereasn the
caseof the rst algorithmtheminimalwidthis 6 . Thisenable®urpipelinerecur
sive ltering algorithmto properlywork with amuchhighernumberof processors.
Anotheradwantageof the secondalgorithmis, off course the factthatit is more
accurateln our experimentsve choseto usethe pipelinerecursve ltering rather
thantheborderssendingalgorithm.

5.5 Parallel Additi ve Operator Scheme

In our registrationalgorithm, the regularizationconsistsin solving a heatequa-
tion. In orderto speedup the computationwe usethe Additive OperatorScheme
(describedn Section3.1.4). Thereare alreadyexisting implementationof the
AOS on distributed memoryparallelcomputers.Bruhn et al. (2002) proposean
implementatiorthatrequiresclustersconnectedhroughhigh performancghence
expensve) networks. At eachstep,theimagethatis being ltered is redistrituted,
requiringall processor$o communicateo eachother Thisimplementatioris not
adaptedo clustersof PC's connectedhroughlow costnetworks.

As we saw in Section3.1.4,the AOS schemeis separable.If we considerthe
diffusion equation(@=@ = div(d r U)), theright handterm canbe separated
into threeterms,eachof themdependingonly on the derivativesof U alongone
of the directionsx, y andz. This transformshe semi-implicitschemeof the dif-
fusion equation(vt* ' = (Iy t A tvt = B 1v!) into onethatimplies
only theinversionof tridiagonalmatricesv'* ' = 3B, vt* '+ 1B 1v!* '+
1B, W' ' ThematricesBy, By andB, areeithertridiagonalor they canbe
transformednto tridiagonalmatricesby properlyreorderingthe elementsof the
vectorv. Along a given axis, the diffusion canbe independentlyperformedon
eachline (we call line the successionf thevoxelsencountereih theimagewhen
only onecoordinateparametedoesvary). Sincewe cut the supportof our trans-
formationinto subdomainghat are parallelstacksof slices(sayperpendiculato
the x direction), thereare two directionsfor which all processorsvork entirely
in parallel (they andz axis), without ary needfor communication.We are left
with thex direction,perpendiculato the domaindecompositionandalongwhich
all the lines are distributed amongthe processors.Let us describethe inversion
of thematrix Bx. A line w alongthe x axis canbe seenasa projectionof size
dimy of our previous“big imagevector”v. Let By bethecorrespondingrojec-
tion (of sizedimy  dimy) of the matrix Bx. For eachline w, we have to solve
wt t= B, }wt SincethematrixByy is tridiagonal,its inversioncanbe done
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usingthe Thomasalgorithm (seeAppendixA.1). The mainremainingdif culty
is thatno parallelprocessings possibleon a singleline alongthataxisdueto the
recursve natureof the Thomasalgorithm. However, we have several linesto pro-
cess.Furthermorethe Thomasalgorithmis a rst orderrecursie lter with one
causalandone anticausapart. Algorithmically, this is very similar to the struc-
tureof therecursve Gaussianlter (describedn Section5.4.1).We will therefore
apply a pipelineparallelizationmethod,suchasthe onewe usedfor therecursie
Gaussianlter (Section5.4.3).

A rigorouspseudo-codelescriptionof the entirealgorithmis givenin Algorithm
5. Thegoalis to invertin parallelM tridiagonalmatricesB?;B*;:::;BM 1 of
sizeN N, onP processorslf we equallydistribute eachline to aII processors,
eachprocessop is responsibl€or processinghe components PN +1;1(pr1) N

PN 15 (pr1) 1 ,and | ol 1 (pr) - It alsomemorizesa partof theelementsof
thematriced. andR: theelementsf thevectord, r andm with thesameindices.
In orderto minimizethetotal numberof messagesye fusein thealgorithmbelow

theloopsthatcomputethe LR decompositiorandthe forward substitutionstep.

5.6 Parallel performance

5.6.1 Executiontime comparison: stationary vs. non-stationary reg-
ularization

In Chapter3, wereplacedhestationaryegularization(throughGaussianltering)
by a nonstationandiffusion PDE. Unfortunately the fastimplementatiorof the
stationaryGaussiar(Section5.4.1) cannot be usedin the casewherethe degree
of regularity variesspatially A simpleoptionwould consistin implementingour
regularizationmethodthroughconvolution, andlocally adaptthe standarddevia-
tion of the Gaussiarkernel. However, this would imply very large computation
times. The AOS-basedlter we chosehasthe advantageof beingrecursve and
requiringa very low numberof operationsin this section,we evaluatethe poten-
tial lossof time implied by the evolution from the stationaryto the nonstationary
regularization.Four factorsareimportantwhenevaluatingthe executiontime of a
parallelalgorithm:thecomputationatompleity, theamountof memoryusedthe
total quantity of datacommunicatedhroughthe network andthe total numberof
messages.

In Table5.2,we compareour parallelimplementatiorof the AOS-basedegulariza-
tion methodwith the parallelimplementatiorof the recursve Gaussianlter. The
recursve implementatiorof the Gaussiaris afourth orderrecursive lter, whereas
the AOS schemss in essence rst orderrecursve Iter. Sincethetwo parallel
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Algorithm 5 ParallelAdditive OperatorScheme

fi:= p% + 1the rst index memorizedby processop

li .= (p+ 1)% thelastindex memorizedoy processop
/Il FusedLR decompositiorandforward substitutionsteps
for eachmatrixj 2 [O;M  1]do

if p= Othen
my:= 4 fi=1
= 4
yi=dh

else
rece\'/em’}i 1r f;i landy{;i , fromprocessop 1
I%i_:: %i_zmjfi_l_
m{‘i = _{‘i i ti1
E
Vo= d i g

endif

fori:=fi+ 1ltoli do
= d=ml
= Lol
yi=d o By

endfor

ifp6 P 1then _
sendm!;, |, andy/, to processop + 1
endif
end for
/I Backwardsubstitution
for eachmatrixj 2 [O;M  1]do
ifp=P 1then
ul = yh=my /i =N

else '
receie ul,,, from processop + 1
ub = Y U =M
endif
fori:=1i 1ldowntofido
U=y fUg =m
endfor
if p6 Othen
sendu}; to processop 1
endif
endfor
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Table5.2: A performanceomparisorof the parallelAOS algorithmwith respect
to the parallelrecursve Gaussianltering. Bold valuesindicateindicategainsin
computationsmemoryneedor communicationsThe valuestake into accounthe
factthatthevalueof eachvoxel of thetransformatioris athree-componentector
which triplesthecomputationatompleity, theamountof communicatediataand
thememoryneeded.

AOS | Gaussian
Computation(operations/oxel) | 24 90
Memory (numbers/axel) 27 9
Communicationgnumbers/line)| 12 45
Numberof messageperline 2 2

algorithmsusethesamecommunicatiorpatternthe rst orderAOS lter sendshe
samenumberof messageasthe fourth orderGaussianlter , but eachmessagés
aboutfour timessmaller The AOS Iter alsoneedsalower numberof arithmetical
operations.From Table 5.2, onecanseethatthe rst order Iter performingthe
AOSnon-stationaryliffusionis in every aspectt leastasgoodasthefourth order
Gaussianlter, exceptfor memoryuse. However, sincethe memoryusedby the
two lters is distributedoverthe differentworkstationsthe extramemoryusedoes
notrepresena problem.

5.6.2 Parallel accelerationof the entire algorithm

The computationtimesof the completeregistrationalgorithmandthe parallelac-
celerationare presentedn Figure5.4, for two imagesof size256 256 120

By using 15 2 GHz PentiumIV processorsye obtainedan acceleratiorof 11
(reducingthe computatiorntime from 40minto 3min30). This canbejusti ed by

the factthatsomepartsof the algorithm(creationof the imagepyramids)arestill

sequential. We believe that the minimal time 3min30 makes the algorithm suit-
ablefor clinical use. Notice that, for somecon gurations, the acceleratiorthat
was obtainedwas larger thanthe numberof processorsWe link this factto the
performanceof the machines'memory Sincethe algorithmuseslarge quantities
of memory cachemissesareratherfrequentwhenrun sequentially Whenspatial
blocksaresmaller cachemissesccurmuchlessoften,whichlargely improvesthe
algorithmperformances.
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Figure5.4: Performancegraphsfor the entire parallelalgorithm. The algorithm
acceleratiorfcontinuouscurve, g. b)is sometimedargerthanthelinearone(dot-
tedcune, g. b). We believe thatthisis dueto thememorycacheiif thesizeof the
local dataon eachprocessois smaller the memorycachebecomesnoreef cient,
andthe processospendsmuchlesstime parsingthe memory The minimal time
(g. a)is of 3min30.
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5.7 Conclusion

In orderto lower the computationtime and make the algorithm more suitedto
clinical use,we proposedn this chaptera parallelimplementatioron a clusterof
personakomputers.This hardware platform hasalow nancial cost,andcanbe
purchasedy mary laboratoriesandhospitals.The parallelalgorithmis basedon
a datadecompositiorof a displacementeld, andat eachstepa processoonly
communicatesvith atmosttwo otherprocessorgno costly one-to-maw or mary-
to-mary communications).The resultis a very good parallelaccelerationgven
whenusinga relatively large numberof processorsThis enableshe algorithmto
take goodadwantageof inexpensve but powerful medium-sizeclusters.

Althoughit mainly concernghe implementatiorof the algorithmon a particular
hardware platform (a clusterof PCs),this chapterdescribesometheoreticalcon-
tributionsregardingthe parallelcomputingfor imageprocessingAs such,we de-
scribednovel parallelimplementationgor two algorithmswhich arealreadyvery
fast:therecursve Iter for Gaussiasmoothingandthe Additive OperatoiScheme
for solvingdiffusionPDE's. This enablesisto achiese alow computatiortime (3
minutes30), whichin ouropinion ts ourinitial purpose:executethealgorithmin
anamountof time thata clinical usercanspendwaiting for theresults.
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Chapter 6

Grid implementation

Thesoftwaredescribedsofaris ableto registertwo imagesn areasonablamount
of time. However, its usability remainsratherlow. The usermustlog into a clus-
ter, uploadthe input images,run the programthrougha commandine, wait for

theresults,downloadandvisualizethem. Eachof thesestepsmustbe performed
separatelpy the user This is clearly not the way thingsare supposedo bein a
clinical ervironment. In hospitals,physiciansare busy treatingpatientsandthey

have very little time left for hackinginto complex computersystems.

A commonwayto easé¢heusageof a softwareis to embedt into a GraphicalUser
Interface(GUI). In our casewe would like our GUI to have thefollowing features:

openandvisualizetheinputimages;

manuallysetthe parametersandbe ableto save andloada parameteset;
starttheregistration;

visualizein realtime anintermediateesult;

if necessarystopthe process;

visualizeandsave the nal result.

For a sequentiaprogram,building a GUI aroundit is not an especiallydif cult
job, andtherearewell establishedechnologieshattransformthis taskinto anin-
terestingengineeringproblem. However, a setupcontaininga parallelcomputer
canbe morecomple. In orderto maximizethe computerpower and minimize
costsmanufcturersbuild machinesvhich, evenif basedon workstationtechnol-
ogy, have somevhat specialdesigns. For instance the nodesof the clustermay
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lack all the componentswvhich are not absolutelyrequiredin orderto compute,
like the graphicscard or hard-disk. The direct consequences their inability to
display graphics. Furthermoredueto their compleity, clustershave specialad-
ministrationneedghatrequirepermanenprofessionahandling.This placeshem
outsidethe clinical ervironment,in the handsof systemadministratordnside a
datacenter For us, thereis a direct consequenceneitherof the clusters nodes
candisplaytheuserinterface.An externalvisualizationworkstation placedin the
clinical ervironment,shouldbein chage of all userinteraction. The purposeof
this chapteris to presenta systemthatconnectghe visualizationmodule,running
onaclinical workstationwith theregistrationmodule,runningon aclusterplaced
in a datacenter Someimportantadditionalissues like speedand security will
alsobeaddressed.

6.1 Systemoverview

Our systemis composeddf two interactingmodules:the registrationsoftwareand
the graphicsuserinterface. Theregistrationmoduleperformsthe computation.It
is runon aparallelcomputerthatusuallyneedsspecialconditionsto operatesuch
asair-conditionedrooms. Therefore,sucha machinecannotlie next to the user
andis morelikely to nd asuitableplaceasa sharedesourcen adatacenterthan
in anoperatingor pre-operatie planningroom. The GUI providestheinteraction
betweenthe registrationmoduleandthe user It alsodealswith the visualization
of thethreedimensionaimagesinvolved. For visualizationperformanceeasons,
the GUI mustbe executedon the users computer The computersrunning the
two component®f our systemmustbe connectedhrougha network. Dueto the
differentconditionsin which thesetwo computersmustoperate sucha network
maybealongdistanceone.Moreover, it maybedif cult toinstalladditionalwires
in theoperatingroomfor intra-operatie registration. Thus,we wantto enableour
serviceto runthroughawireless hencdow bandwidth network interface.

The purposeof our work is to implementthe registrationasa grid serviceableto
connectheclinically usefuluserinterfaceto a computationatenter Thisinterac-
tion hasto be sufciently re ned to allow the userto dynamicallymanipulatethe
stateof theregistrationsoftware.

Theproblemof building grid servicedo controlmedicalimagingalgorithms(such
asregistrationor sgmentationhasbeemddresselly mary researctkefforts. Burns
etal. (2004b)proposea universalframeavork (hamedXI - InformationeXtraction
from Images),which allows to usein an uniform mannera wide rangeof medi-
cal imagingsoftware (alsoseeBurnset al. (2004a)). The IXI systemprovidesa
centralizedaccesgo medicalimagingservicedocatedall overtheworld, allowing
usersto useandcomparethe ef ciency of mary differentalgorithms.
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For neuroimaginga similar goal is targetedby the Neurobaseproject (Barillot
etal. (2004)). In orderto facilitatethe building of functionalcerebralmaps(both
undernormalandpathologicakonditions) this projectallows to federatanultiple
source®f medicaldataandalgorithmsunderanuniform accesgramenork.

The speci ¢ problemof grid-enablinga registrationalgorithmfor clinical usage
wasaddressedby Ino etal. (2003),who useda high-endclusterconnectedo the
visualizationworkstationthrougha high-bandwidthwide Area Network (WAN).
We believe that the infrastructureusedin this work is not representate of the
oneavailablein mosthospitals.Lower endto averageclustersandlow bandwidth
WAN's arein our opinion morerealistichardware platformsfor ary medicalgrid
service. Moreover, this paperdoesnot addresghe interactve usability issuethat
we believe essentialn a clinical environment.

In this chapter we presenta systemthat enablesthe interactve use of parallel
registrationsoftwarerunningon a remotelylocatedcluster The presentatiorem-
phasizeshemechanismsisedto connecbur userinterfaceto thegrid service,and
the securityandusability concernghatareraisedby sucha system.

6.2 Requirements

Tosummarizewewantto build aregistrationgrid servicemplementeanacluster
of PC'son the (computationsener side,anda graphicalinterfaceableto control
it ontheuserside.In orderto connecthem,we needa communicatiodibrary that
ful lls severalconditions:

1. The communicationlibrary hasto be as e xible as possible. If the users
makestwo request andB to the GUI, andrequestA is transmittedo the
grid servicebeforerequestB, it is importantthatno constraintbe imposed
to theresponsesf thetwo request.Theresponsdo B may arrive beforeor
aftertheresponsédo A, andoneor bothresponsemaybenever sentatall.

2. Communicationfiave to passhrough re walls.

3. Theaccesgo the grid serviceshouldbe secured.A public key authentica-
tion suchasRSAful lls ourneedsegardingaccespermissiondo thegrid
service.

4. Communicationshouldbe encrypted. Sincecon dential medicaldatais
transmittedhrougha WAN thatis not alwaysunderthe hospitals full con-
trol, this datashouldbe encrypted.
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5. The whole systemshouldpresere the anorymity constraintsmposedby
currentregulations(Herveg andPoullet(2003)).Image les usuallycontain
informationaboutthesubjectsidentity. Thisinformationshouldnever make
its way to the non-controlledWAN. The solutionis to sendonly the data
necessaryor theregistration:theimagesizesandtheimageintensitydata.

6. In orderto maximizethe accessibilityto the grid service,the communica-
tion library shouldsparebandwidth. Therefore,eachmessageransmitted
throughthe WAN shouldbe compressetieforesending.

6.3 Technologicalchoice

During the recentyears,a vastamountof work hasbeeninvestedin distributed
computingervironmentsproviding standardizeénd securecommunicationde-
tweenremotelylocatedcomputers We review belov someof theseervironments
in view of ourapplication.

6.3.1 Client/server

Several standardizedommunicatiormethodsbetweena client anda sener have
emeged.RecentlyolderstandardssuchasRPCandCORBA, have beenreplaced
by protocolsbasedn XML, which ensurgheinteroperabilitybetweerimplemen-
tations. The SQAP protocol,usedby Web ServicegWS) andthe OpenGrid Ser
vices|Infrastructure(OGSI) (Tuecle et al. (2003); Fosteret al. (2002)) haslately
becomehe communicatiorstandardor client/serer distributedsystems.

Generallythesenerinterfaceis describedn adedicatednterfacedescriptionan-
guageg(IDL in CORBA, WSDL in WebServicesGWSDL in OGSI),andthecom-
municationinterfaceis generatechutomatically The main advantageof sucha
systemis that, whenthe client sendsa servicerequesto the sener, the identi -
cationof the requestandthe decodingof its parameterss donein a transparent
manner We feelthatsereralaspect®f client/serer systemsnakesthemunsuited
for ourtask:

First,aclientcannotsimultaneouslgommunicatevith morethanonesener. This
meanghatwhenthesener is a parallelsoftware,theclientwould have to commu-
nicateexclusiely with the mastemode. However, whenthe mastemodereceves
arequesttheidenti cation of therequesis donein atransparenmanneroutside
theusers control. Thus,furtheractionwould have to betakenin orderto forward
the requesttype to the othernodes. From this point of view, client/serer would
not bring additionalfunctionalityto the system.

92



Theclient/serer systemhasanothemajordravbackin ourcase In thismodel,the
sener's solepurposds to answerrequestgrom theclient. It cannotsendrequests
to the client, andit remainsidle betweenprocessingwo successie requests.In
our systemthis constrainimposedon the seneris too hard.

6.3.2 Messagepassing

This model,usedby basicnetworking protocols(TCP/IP)andlow level grid lay-
ers (Glohus 1/0), and generallyadoptedby computationlibraries (MPI, PVM),
provides e xible high-performance&eommunications.In TCP/IR the userhasto
explicitly describethe datatransfersandthe messagencoding. Higher level li-
braries(MPI, PVM) facilitate the messagesncodingand also provide collective
communicationge.g. broadcast)However, thesdibrariesweredesignedor non-
securedcommunicatiorbetweenthe nodesof a parallelcomputer Furthermore,
they aregenerallyunableto passthrough re walls.

We preferthemessaggassingcommunicatiormodel,sinceit doesnotimposeary
constrainton the possibleactionsof the service.Our goalis to createa message
passindibrary that can provide secureccommunicationgndis compatiblewith
re walls.

6.4 Method

We designedh messag@assindibrary thatis ableto transmitmessagebackand
forth betweerthe GUI andeachof the nodesrunningthe grid service. Thanksto
compressiomndencryptionthetransmissiorof messagess fastandsecure.

This sectionprovidesaresumeof themethod.More implementatiordetailscanbe
foundin AppendixC.

6.4.1 Communications

In our program,we distinguishbetweencomputationmessagesgexclusively ex-
changedetweenthe nodesof the cluster)and control messagegexchangede-
tweentheparallelprogramandthe GUI). Computatiormessagearedirectly com-
municatedusing MPI's point-to-pointor collectve communicationsubroutines,
andthey wereexplainedin Chapter5. ControlmessageareprogrammedsC++
classegontainingamessagéagthatidenti es themessageandamessaghandler
describingthe actionto executeuponreception.Eachmessagdastwo methods,
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packandunpackthatdescribehewaythe messageanbepacledinto abuffer for
sendingor unpacled from areceved buffer.

Control messageare sentthroughcommunicatiorchannelsthat encapsulat¢he
communicatiorprotocols.Fromaprogrammes point of view, thesemessageare
C++classeshatprovide:

packingand unpackingbasicdatatypes(integer andreal numbersand ar
rays) into buffers. Thesefunctionsare called by the messages' pack and
unpackproceduresiponthe sendingandthereceiptof themessage.

sendingandreceving the pacled buffer.

Until now, we have implementedwo channels:

The long distancechannel currentlybasedon TCP/IR is usedfor commu-

nicating betweenthe GUI andthe masternode. For performanceeasons,
this channeltransparenthcompressethe messagebeforesending.lt also

takescareof theendianisndifferencethatmight exist betweerthemachines
runningthe GUI andthecluster

Thelocal channelbasedon MPI, is usedto forwardthe messageseceved
by themastemodefrom the GUI to the othernodesof the cluster

Thecommunicatiorof a messagesinga channels doneasfollows: themessage
tagandthe messagdself arepacledinto a buffer of theappropriatesizeandthen
sent. Upon receipt,the messageag is decodedand an objectof the appropriate
messagelassis instantiatedThe messagés unpacled andits associatethessage
handleris invoked.

In thecasewherethe GUI sendsamessag#o thecluster themessagés rst sentto
themastemodeusingthelong distancechannelandthendistributedby the master
nodeto the entire clusterusing the local channel(seeFigure6.1). The message
handleris subsequentlynvoked in parallel by all the nodesof the cluster The
sendingof amessagby the serviceto the GUI is performedby themastemodeof
thecluster

Thearchitectureve have presentedherehastheadvantageof beingmodular Adding
messagéypesor communicatiorchannekanbe easilydoneby inheritingthe ap-
propriateC++ class.
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Figure6.1: Thevisualizationworkstationcommunicatewith theregistrationmod-
ulerunningonacluster

6.4.2 Security issues

Both the GUI andthe grid serviceareisolatedfrom therestof theworld by re-
walls. Regardingthelong distancechannelthreesecurityissuesareimportant:

Communicationsnustbe ableto passhroughthetwo re walls.
Theusermustbe authenticatetbeforebeingallowedto usetheservice.

Communicationshouldbe encrypted.

We useSSHtunnelingin orderto ful Il  thesethreerequirementslf a SSHtunnel
is not createdhe registrationserviceis not visible by the user In orderto create
the SSHtunnel, the userhasto authenticataising a usernameand a passverd
deliveredby the serviceadministratar The tunnelalsoprovidesthe encryptionof
thedata o w betweerthe GUI andtheservice.

Despiteall thesesecuritymechanismsa possibleanorymity breachcancomefrom
the facial reconstructiorthat can be done on someMRI images. The solution
would be to modify theimagesbeforetransmissiorthroughthe network in a way
that doesnot affect registrationbut makes facial reconstructioimpossible. We
have nottackledthis problem.

6.5 Results

The nal systemis thefollowing: After userauthenticationthe GUI enableghe
loadingand comparatre visualizationof the imagesto register A userinterface
buttonenablegheuserto contactthe grid serviceandstarttheregistration.During
the process;the useris informedin real time aboutthe statusof the algorithm
(smallsizemessages)An intermediataesultimage(severalmegabytef data)is
regularly sentto the GUI which displaysit. At ary time the userhastheoptionto
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aborttheregistration. Uponterminationof the algorithm,the registrationresultis
sentbackto the GUI.

We have testedour systemby runningthe GUI on a 600MHz Pentiumlll laptop
equippedvith awirelessnetwork interface. Thegrid servicerunson 152GHzPen-
tium IV PC'slinkedthrougha 1GB/sEthernenetwork andprotectedoy a re wall
runningon a 2GHz PentiumlV PC.All systemgun the Linux operatingsystem.
Theresolutionof theinputimagesis 256x256x124andtheir sizeis 47.2MB. Af-
ter compressionthey reacha size of only 3.3MB. The transmissiorof the input
imagegakes39 secondsincludingtheadditionalcompressiomnddecompression
times.For comparisonif compressiolis notusedthetransmissionakes2 minutes
and 26 seconds.During the executionof the algorithm, eachupdateof the inter
mediateresulttakes18 secondsTheextratime took by thetransmissiorof images
throughthenetwork is of about2 minutes thusbringingthetotal registrationtime
to about7 minutes.However, thanksto the userinterfaceandthe grid service the
registrationsoftwarebecomesisablen theclinical ervironment.Thus,we believe
thatthetwo extraminutesin computatiortime aretolerable.

We alsotestedour systemin a worstcasescenarioby usinga homeAsymmetric
DSL connectionbetweenthe userinterfaceandthe grid service. The maximum
transferrateis 16kB/sfrom the GUI to the serviceand 64kB/sfrom the service
to the GUI. Theimageuploadtime is about3min30,andtheresultupdatetime is
aboutlmin30.In this extremecasethetotal registrationtime reachesenminutes,
includingimagetransfertime. However, this provesthatour non-rigid registration
servicecanbe usedfrom almosteverywherewith avery modestequipment.

6.6 Discussion

We have presentedtechnologythatpotentiallyenablesclinicianto transparently
usea computationallyintensve but powerful non-rigid registrationalgorithmrun
by a parallelcomputeiphysicallylocatedat alarge distance Thesystencombines
the speedand precisionprovided by the parallel computerto the easeof useof
the physicians workstation.A graphicsinterfaceenableghe userto supervisghe
executionof thealgorithmin realtime. In thefuture,we will modify thesystemso
thatphysicianawill be ableto usetheir clinical expertiseto guidetheregistration.
We will addan integratedauthenticationthe automaticcreationof the sshtunnel
andtheremoteexecutionof the serviceby theuser A testin aclinical setupis also
in preparation.

Our non-rigid registration serviceopensup numerousadvancedmedicalimage
analysisapplicationgo the clinical practice,suchasthe usageof brain atlasesor
imageguidedtheray. However, while medicalimagingalgorithmicissueshave

96



mostly beendealt with, grid managemenproblemsstill have to be addressed.
The mostimportantproblemis the standardization.Indeed,while the long dis-
tance TCP/IP channelful lls its functionality requirementsits integration with
standardsecurityandauthenticatioimechanismanddiscovery serviceds noten-
sured.Theseaspecthave beeraddresseih existinggrid ernvironments suchasthe
GlohusToolkit. In thefuture,we intendto replacehe TCP/IP-basetbng distance
channelwith onebasedon Glohus I/0. This would alsoenableusto replaceSSL
certi catesandSSHtunnelingwith thesimilarbut morestandardizefunctionality
provided by the Glohus Securitylnfrastructure.
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Chapter 7

Conclusion

Contritutionscanbe dividedin threeclasses:rst, ontheintroductionof a priori
informationinto multi-subjectnonlinearregistration methods;second,on paral-
lel andgrid computingmethodsappliedto medicalimageregistration;andthird,
on the applicationof the proposednethodsto concreteclinical problems. These
contriblutionsgave riseto 3 publicationsn internationajournals(Stefinescietal.
(2004b,c2005)),3 articlesin internationapeerreviewed conference¢Stefanescu
etal. (2003a,2004a);0urselinet al. (2002)),aswell asotherconferencaarticles
(Stetanescietal. (2003b,2004d)).

7.1 Methodologicalcontributions to nonlinear registration

One of the goalsof this thesiswasto incorporatea priori knowledge aboutthe
anatomyor the possiblepathologyof imagedobjectsinto the registrationalgo-
rithm. The manuscripfproposed “pair-and-smooth’approachthat usesa dense
displacementld to describeéhetransformationwhich ensureshatit canrecover
deformationsat the voxel resolution. The algorithm alternateghe estimationof
an incrementalcorrection eld (basedon a similarity criterion) andtwo level of
regularization( uid and elastic). The whole processguaranteeshat the recor-
eredtransformationis invertible. The contrikutionsof thethesisarebasednthree
assumptions First, we considerthat not all voxels in imagescontrikute equally
relevantinformationto the registration. VVoxels closeto contoursgive morereli-
abledisplacementshanvoxels in smoothareas. Secondthe imagedobjectsdo
notdeformhomogeneouslyAnd nally, somestructuresn oneimage,especially

99



pathologicabnes.do nothave correspondents the other Theanatomicamodel-
ing is performedhroughtheusageof two elds: acon dence eld ontheintensity
matcheswhich weightsthe importanceof the differentvoxelsin the registration
processandapossiblyanisotropiconstationangtiffness eld, which nely tunes
theamountof deformabilityin the variousregionsof theimages.

Discriminating important voxels We proposedin Section3.1.2a methodto

limit thein uence of unreliablevoxels in the registration. Oncethe incremental
correctioneld hasbeencomputedanonstationargiffusionis usedto smooththe
incrementatorrectionghatwerecomputeasednirrelevantimagevoxels. This

createsaninterpolationeffect in thoseregionsof the displacementeld. Experi-
mentsshaved thatthis improvesthe results,andalsodiminishesthe computation
time. The computatiortime is low, thanksto the usageof the fastsemi-implicit
Additive OperatorScheme.This contritution waspresentect the MICCAI 2003
conferencgStefanesclet al. (2003a))and publishedin Medical ImageAnalysis
(Stefanescietal. (2004c)).

Registeringimageswith pathologies Whenattemptingto sggmentreal patient
imagedsby registeringthemwith ananatomicahtlasfor radiotherap planning,we

encounteredhe following problem: the tumor or the possiblesugical resection
presentin the patientimagehasno correspondenin the atlas. Therefore false
correspondenceare estimatedfor pointsinside the pathology which leadsto a
locally erroneougegistration. The solution describedn Section3.3 consistsin

giving the pathologicalvoxels a low weightin theregistration. Resultsshav that
this tendsto interpolatethe displacementeld inside the tumor from its values
outsideit, which preventspotentialdistortionscausedy the pathology Thisresult
waspresentect MICCAI 2004 (Stefanescietal. (2004a)).

Object deformability is position and dir ection-dependent Usually pair and
smoothalgorithmsperformisotropicanduniformregularization.Weintroducedn

Chapter3 anelasticregularizationof thedisplacementeld, whichis weightedby

a“stiffness” eld estimatingthelocal deformabilityof tissues.Theregularization
is implementedas a nonstationandiffusion equationand solved usingthe AOS.
This realizesa quite goodandvery fastapproximatiorof an elasticbehaior. In

Chapter4, furtherinformationis incorporatednto theregistration. We shawv how

directional(tensor)stiffnessinformation can be embeddedn the registrationby

replacingthe isotropicnonstationaryegularizationwith an anisotropicone. This

is usedin orderto maintainthe regularity of speci c surfacesin atlasto subject
registration.Thiscontritution waspresente@tthe MICCAI 2003conferencégSte-
fanescuetal. (2003a))andpublishedn MedicallmageAnalysis(Stefanescietal.

(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 processingchainin which the algorithm
is embeddedontainsinteractvity. Discussionswith physicianssuggestedhata
goodintegrationmeanghat: thecomputatiortime shouldbeof afew minutes;and
it shouldintegratewell into currently existing clinical setups. Moreover, the re-
quiredhardware shouldnot be more expensve thancommonmedicalequipment.
In orderto facilitatethe clinical integrationof our registrationalgorithm,we pro-
poseda parallelimplementatiorwhich ensures low executiontime. Thisimple-
mentationcontainstheoreticalcontritutionsto parallelcomputingfor imagepro-
cessing.The useof grid computingmethodsallows a large e xibility concerning
the costandlocalizationof the computingresources.

Parallel computing to reducecomputationtimes Chapters presentec paral-
lel implementatiorof the registrationalgorithmon aninexpensve clusterof per
sonalcomputers.We proposedot only a practicalimplementatiorthat reduces
the computationtime to only a few minutes,but alsotheoreticalcontributionsto
parallelcomputingappliedto imageprocessingour pipeline parallelizationstrat-
egy of the Gaussianlter andthe Additive OperatorSchemesanbe generalized
to otherrecursve lters, which areusuallyoptimal sequentiallters. Theresults
werepresentedt the HealthGrid2003conferencgStefinesciet al. (2003b))and
publishedn ParallelProcessingd.etters(Stefinesciet al. (2004hb)).

Grid methodsto integrate into the clinical setup Despitetheirlow cost,clus-
tersof PC's arestill somavhatincompatiblewith a clinical usage Administration
andmaintenanceostsmay incite hospitalsto delocalizeandsharethe computing
power. In the sametime, registrationhasto be integratedinto currently existing
dataprocessingystemswhich supposes total control of the algorithm. Since
we aredealingwith images this canonly be donethrougha graphicaluserinter
face.By usinggrid computingmethodsChaptel6 presente@d systemhatenables
a visualizationworkstationin the clinical environmentto control the registration
softwarerunningon a distantclusterandinteractwith it in realtime. The system
allows a great e xibility: It hasbeentestedwith a clusterhundredsof kilometers
away from theuser througha standardhetwork aswell asusingahomeDSL link.
Thetechnologywasdemonstratedt HealthGrid2004 (Stefinesciet al. (2004d))
andalsodescribedn anarticle publishedin Methodsof Informationin Medicine
(Stetanescietal. (2005)).
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7.3 Integration into two clinical applications

The registrationalgorithmwas testedfor two differentclinical applications:the
segmentatiorof highrisk organsfor the planningof conformalbrainradiotherayp,
andthelocalizationof the centralgrey nucleifor the planningof the implantation
of electrodesequiredby deepbrainstimulations Eachapplicationrwasdeveloped
in collaborationwith one clinical and one industrial partner In both casesthe
algorithmhasbeen(or is aboutto be) evaluatedby clinical experts.

Conformal brain radiotherapy In orderto segmenthigh risk structuresand
avoid their irradiation during the radiotherap, patientimagesare registeredto-
wardsalabeledanatomicahtlas.After aninitial af ne registration,we appliedour
nonlinearregistrationalgorithmandsubsequentlgeformedheatlasstructurego-
wardsthe patientgeometry Preliminarymeasuresf thespeci city andsensitvity
of the sgmentationproducedby our atlasto subjectregistrationalgorithmshawv
thattheseseggmentatiorareof a quality comparableo the oneachiered by clinical
experts.This quality is furthermorereproduciblefrom onepatientto another

Furthermoreguantitatve comparisorona22 patientdatabasbasbeenperformed
by anindependentlinical expertfrom the Centie AntoineLacassgne andour al-
gorithm hasbeenshavn to registerthe brain stemmore accuratelythanboth an
afne registrationand anotherelasticregistrationalgorithm. As a consequence,
our nonlinearregistrationalgorithmwasintegratedinto a prototypeof a planning
systemfor conformalbrain radiotherap developedby DosiSoftS.A. The atlas-
basedseggmentationsystem,including our nonlinearregistration algorithm, will
soonbeclinically validatedat the Institut GustaveRousy.

Deepbrain stimulation The purposeof the secondapplicationis to automati-
cally localizethecentralgrey nuclei,in orderto guidetheimplantationinsidethem
of electrodedinked to a neurostimulator The centralgrey nuclei are segmented
by registeringpatientimageswith ananatomicahtlas.After aninitial af ne regis-
tration, the patientandatlasimagesarenonlinearlyregisteredusingthe algorithm
describedn this thesis. The expert sggmentationsf the atlasare subsequently
deformedinto the patients geometry The grey nucleibeinglocatedvery nearto
the highly deformableventriclesour anisotropialiffusionregularizationallows to
betterretrieve the motion andto obtaina bettersegmentation. The validation of
thesystemis afuturework. We believe thatthe mostclinically signi cant method
to quantifythe validity of the methodis to comparethe predictedpositionsof the
implantationtargetswith their real positions,determinedduring the intervention.
We expectto performsucha validationin thenext monthsusingperoperatve data
from the La Pitié SalpétrierdHospital.
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7.4 Futurework

Theresearcipresentedn this thesisopensthe way to several researctpathsthat
needto beexplored.

Numerical validation Thevalidationmethodwvasmainly application-basedhrough
the visual inspectionand quanti cation of the result(deformedimagesand atlas
structureshy a clinical expert. However, a moregeneralalidationwould be de-
sirable,in orderto betterunderstandhestrengthsindweaknessesf thealgorithm,
andcompareat with othermethods Sincethereis little chanceo obtainarealistic
groundtruth by simulatingintersubjectifferenceswe intendto validatethealgo-
rithm be examiningthe atlassegmentationgleformedinto the patientsgeometry
We arecurrentlytestingthe SimultaneoudruthandPerformancé.evel Estimation
methodproposedy War eld etal. (2004b).Anotherpossibletrackis theintegra-
tion of the algorithminto a currently existing validation framework, suchasthe
oneproposedy Hellier etal. (2003).

Simultaneoususageof different similarity criteria In our approacha single
similarity criterion(usuallythesmallessquareadistanceor thelocal correlationco-
ef cient) is usedto registera pair of images.However, numerousthermeasures
have beenproposed.While noneof them canclaim supremag over the others,
somecriterion may prove to be moreef cient thanothersin orderto registercer
tain structures.For instance regionsin imageswhereintensitiescorrespondery
well may be registeredwith the SSDcriterion,while in otherareasa multi-modal
measurenay be necessary

Multi-channel registration Somestructuregsuchasthebrain's centralgrey nu-
clei) exhibit a low contrastin somemodalities,suchasthe T1-MRI. However,
mary clinical protocolsinclude the simultaneouscquisitionof differentmodal-
ities, eachof them being relevant for someanatomicalstructures. A similarity
criterion that takesinto accountnot two images,but two setsof imagesacquired
using differentmodalitiesmay provide more informationaboutlowly contrasted
structures Differentsimilarity criteriamay be usedfor eachoneof thesemodali-
ties.

Bringing more clinical expertiseinto the registration Of course,we would
love to be ableto reportperfectresults.However, the quality of registrationis not
only dependenbn theintensitiesof voxels, but alsoon the clinical interpretation
of theimagecontents Concerninghelater, humanexpertiseis invaluable.ldeally,
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the usershouldbe ableto locally correctthe registrationprocessandthus avoid

ambiguityandlocal minima. Eventually thesecorrectionmaybe“learned”by the
algorithmwhich could subsequenthavoid the error Thanksto its shortcomputa-
tion times, the proposedalgorithmcanpotentiallybe modi ed in orderto beused
in aninteractve manner

Long distancedisplacementcorrelation In our currentregularizationmethod,
thedisplacementf avoxel hasanin uence only onthe displacementf its neigh-
bors,andthe amountof in uence a voxel canhave on othersdecreasewvith the
distance.It would be interestingto be to be ableto imposea kind of correlation
betweerthedisplacementef voxelsthatarefar avay from eachother Thiswould
enableto usemoregeneraktatisticalinformationaboutthe displacemenof differ-

entregionsinsideanobject.

Building dynamic atlases Hill etal. (2002)proposedo replaceraditionalbrain

atlasesaimingto computeaveragebrainsrepresentate of large segmentsof the

population,with a dynamicatlas,customizedo a speci ¢ subject: databaseto-

catedin differentclinical centergrovide imagescomingfrom subjectsvhichhave

the samecharacteristicgage, se, etc.). The averageis then dynamically built

basedontheseselectedmages.A fastintersubjectegistrationalgorithm,suchas
the one proposedn this thesismay prove very helpful, both for the construction
andthe usageof sucha dynamicatlas.
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Appendix A

Numerical implementation

A.1 Solvingthe diffusion equationin 1-D

In our algorithm,theregularizationconsistdn solvinga non-stationanheatequa-
tion. In the one-dimensiortase this canbe doneusingthe semi-implicitscheme
vit U= Iy tAY) vt (whereA isthelinearoperatorcorrespondingo a nite
differencediscretizationasdescribedn the following sectionA.2). Sincewe use
nite differencesthevaluev!® ' ateachpointof index i dependsonly onv!*, !,

t+ t+ t

vi* Yandv'l, '. Thereforethe matrix At is tridiagonal,andsois I y t Al

(seeAppendixA.2). Theinversionof a tridiagonalmatrix canbe achieved using

the Thomasalgorithm(Pressetal. (1993)),which consistin aLR decomposition
followed by forward andbackward substitutionsteps asbelov. For simplicity, we

renamethe variablesin our equation:B = |y tALu=vt* t d= vt The

following rst orderrecursve algorithmoperatesn lineartime:

Givenatridiagonalmatrix B, the purposés to solve thelinearsystem
Bu=d

whereB is thetri-diagonalmatrix

N 1 N 1 N 1
N N

The rst stepis the LR decompositiolB = LR with L beinga lower bidiagonal
matrix andR anupperbidiagonalmatrix. If we denotetheL andR matricesas
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Algorithm 6 LR decomposition

mp:= 1

rn:= 1

fori:= 2;3;:::;N:
li= j=mj 1
m:= i li iz

r ==

Algorithm 7 Resolutionof atridiagonalsystem.Forward substitution.
y1:=dg
fori = 2;3;:::;N:

yi=di liyi1

0 1
1
%Iz 1 %
L : . .
In 1
0 1
mp; Iq
o f - :
MmNy 1 I'N 1

my

thenAlgorithm 6 givesthe decompositionmmethod.Theresolutionof the systemis
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-dimensionadrrays)andh is the grid size,the nite
differencediscretizatiorof the heatequationin a pointp of thegrid is

Algorithm 8 Resolutionof atridiagonalsystem Backward substitution.
UN = YN=MN
fori:=N 1IN 2::::1

Ui == (i i Uis1) =m;
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p

r(drv)jo=rdr u+ddX2 h h h2

Thus,the correspondingemi-implicitschemads

Vt+l Vt 1 d d
P t P 05 Gpt - p i 2 P L oy + (A.2)
1 dp+1 dp 1
“he O 4 o1
2
pdep

whichleadstoanN N matrixwhosep™ line correspond$o point p:

Column 1 ::: p 2 p 1 p p+1 p+2 ::: N
#H O#H # # # # # # #
91 9 1 9p+1 9 1
Value 0 ::: 0 ‘%*sz 2% dphiz4 0

Thisamountdo thefollowing valuesfor the , and elementdromEq. A.1:

©
1
=
+
N
—

|

Remark If thestiffnesseld disrelatvely smoothsmooth(k(dp+1  dp 1)=4k
kdpk), andthe abore numericalschemeapproximateshe one of the Laplacian
@ —d v

a :

VB+1 VFJ 1

71: = F (dep+1 + dep 1 2dep)
This approximatiorstandsn regionswhered is relatvely large. If we gived large
valuesin areasthat are “anatomicallyrelevant” and low onesin lessinteresting
regions,we canusethis approximation For historicalreasonsthis approximation
is currentlyusedin the currentversionof the registrationsoftware. In the restof

this appendixwe will alsousethis simplifying approximation.
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Practical implementation In practice,the resolutionof the tridiagonallinear
systemon asingleprocessocomputemwasperformedusingthe LAPACK (Ander
sonetal. (1990))routinedgtsv .

A.3 Boundary conditions

In this section,we alsoaddresshe casewherethe derivatives of the stiffness eld
(r d) aresmallw.r.t. to thevaluesof the eld (d). Therearetwo specialcasesat
the rst andatthelastpoint. They correspondo the borderconditions.Whenthe
diffusion equationis appliedto a displacemenbr correction eld, we aremainly
interestedy two situations:

1) Dirichlet boundary conditions

The imageobjectsare “attached”to the bordersof the image. Numerically this
amountgo extendingwith zerosthe displacement/correctioeld outsidetheim-
agesupport.This way, the diffusion ensureshatthe valuesof the eld next to the
bordersarealwaysvery closeto 0. For the rst point, thediscretizatiorfrom Eq.
A.2 becomes

Vit vi_di 0 2% t+l ﬁvtu
t  h2 h2 "1~ h2 "2
For thelastpoint, the discreteschemebecomes
W Vi d_NVt+1 2d_NVt+1 + d—NO
t ~ h2'N1 Th2N g2

This leadsto thefollowing valuesfor the rst andlastline of thematrix B in Eq.
A.l:

dy

1 2@
_ 4
17 h?

_ dn
NS 2?
_ On

N7 he



2) Neumannboundary conditions

Theimagedobjectscanmove freely in the planetangentto the boundarysurface.
In orderto achieve this effect, we extendthe eld outsideits domainwith thevalue
of the closestpointontheborder For the rst point,thisleadsto

t+1 t
Viw o Vi_ ﬁvtﬂ 2ﬁvt+l + %Vul
t h2 "1 h2 "1 h2 "2

whereador thelastpointthe discreteschemebecomes

t+1 t
V V dN d|\| dN
N N _ t+1 2 Vt+1 + Vt+1

t hz N 1 “hz N T Rz N

By summingin the rst equationthetwo termscontainingvtl+l , andin thesecond

equatiorthetwo termscontainingvlt\,+1 , We get:

_ O
7 h2
_ 4
17 h2
_ Oy
N7 h?
_ Oy
N7 h?

A.4 Implementing the AOSin threedimensions

By neglectingthedervativesof d, thediffusionequationin 3D

@

@= div(dr v)
becomes @ @ @
@ Vv Vv v
@ V! ee @

By denotingwith v[x; y; z] the value of the volumev at point (x; y; z), the dis-
cretizationof theabove equationis

109



VIl VX yiz]

n = dxy;z] he
viiy+ Lzl xyiZ]+ vy 17
h? *
y
L Viyiz+ 1] AMxyizl+ Vixgyiz 1]
h

In SectionA.2 we have seenthatthe Additive OperatorSchemeconsistsn sepa-
ratingthelinearoperatorabore alongthedirectionsx, y, andz:

Vi y;zl VX y;z) VI + 1y;2]  2vi[x;y;z]+ vix  Ly;Z]

= dx;y;z]

t h2
try- . thve /- try- .
v dxy:z] ViIxiy+ 1,7] 2v[x,2y,z]+v[x,y 1;7]
hy
t - t . t .
v dxy:z] Vix;y;z + 1] 2v[>r(],2y,z]+v[x,y,z 1]
zZ

Therefore the threeoperatorsAy, Ay andA; (alongthex, y, andz directions)
correspondrespectiely, to thefollowing one-dimensionachemes:

A Y bey:z]. vyl = dxyizl gty 1yiz] 2vtiyiz]+ Vi Ly:z]
+1 [yey - N .
Ay byl vibyEl o Dyl ey s 17] 2txyizZ]+ ViGy 17

A, Vbl Vbl o Ay yineyiz 4 1] Uy Z]+ Vi Yz ]

Theinversionalgorithmfor tridiagonalmatricesdescribedn SectionsA.1 andA.2
is appliedin orderto separatelygolve thethreetridiagonalsystems.
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Appendix B

Segmentationof pathologyin
tumor-diseasedrains

B.1 Segmentationof a surgical resection

A sumgical resectiorcorrespond$o anabsencef matterin the consideredegion,

lled with CSF and possibly connectedwith the ventricles. Its shapeis more
sphericalthanthe other structuresof the CSFE andis composedf only one big
connected@omponentThesearethebasicpropertiegshatwe exploit for delineating
theresection.

First, we extractall structuresbehaing like CSFin thejoint MR T1 and T2 his-
togram(low signalin T1 andhigh signalin T2) by tting a 2D Gaussiaron the
correspondin@reaof the histogram.Selectingall the voxels whosejoint intensity
is statisticallycompatiblegives us an oversizedsegmentationof CSFwhich still
containsstructuredik e the eyesandthe ventricles. The eyesare quite easyto re-
move sincethey appeamstwo isolatedconnectedomponentsTo selecthem,we
robustly registeranatlaswith anaf ne transformationandremove the connected
componentghat have an intersectionwith the eyesof the atlas. To separatdhe
ventriclesfrom the sugical resectionwe usea region labeling algorithm based
on a skeletonizationby in uence zone(SKlZz) Soille (1999). As this labelingis
sensitve to narravings in a connecteccomponentjt easily classi es the sugi-
cal resectionandthe ventricleasdifferentregions. The regionsthatintersectthe
ventriclesof theatlasareremovedasabove.

Finally, we have to selectthesumgical resectiorregionamongremainingstructures.
Thesulci arerelatively smallwith respecto a sugical resectiorandthuseasyto
remove. Themainproblemcomesfrom the possiblegpresencef aCSFcomponent
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betweerthebrainandtheskull dueto brainshift duringthesumgical operation.The
volumeof this componenmaybequitelarge,but its shapds mostly at. Thus,we
computea distancemapin eachremainingCSFconnecteccomponentandselect
the onethathasthelargestinscribedball radius.

B.2 Delineationof the tumor

Delineatinga tumoris a hardtaskdueto the multiple appearancei may have in

theimage.Thetumormaygenerat@anedemaatits frontiers,andcontainanecrotic
center Thetumortissuesandthe edemausuallyappealike partialvolume (CSF
andgrey matter)intensitieswhile the necrosisesembleshe CSE

Traditional Expectation-Maximizatiormlgorithms(Leemputet al. (1999))fail to

provide goodresultsbecaus®f the presencef thesetissues.An alternatve is to

considertumorintensitiesasoutliersin this mixture of Gaussianor to addsome
speci ¢ classeg¢o modelthe tumor and edemaintensities(Moon et al. (2002)).
As this was often not sufcient, someanatomicalkknowledge was 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 thesemethodsendupin very complex algorithmasthey attemptto segmentall

thetissues.In our casewe areonly interestedn the tumorseggmentationsothat
we couldrely onavery simplemathematicamorphologyschemeswe developed
in theprevious section.

We t thistime a mixture of two Gaussianso the selectedegion of thejoint T1
an T2 intensity histogram: one for the necroticpart of the tumor (which appear
like CSF),andasecondnefor thetumortissuesandits edemgresemblingpartial
volumeCSF/grg matter).We obtainan oversizedsegmentatiorwherewe needto
remove structuresik e thesulcior theventricleswithoutremoving interestingparts.
Indeed,we now have CSFandgrey matterpartial volumevoxels, andthe necrotic
partof thetumorcanbeneararegion containingCSFE Theventriclesandtheeyes
areremoved like before. Thenthe remainingpart of the segmentationis labeled
into SKIZ zones.Eachregionis thencomparedvith ana priori statisticalatlasof
the CSFto computethe meanprobability of belongingto the CSE A thresholdon
this probability allows us to remaove the CSF structuredike the ventriclesor the
sulci. In eachof thesetwo stepswe alsocomputea distancemapto the CSFof the
statisticalatlasin eachregion to avoid remaoving regionscontainingvoxelstoo far
from the expectedCSFE
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Appendix C

ClusterConnect: alibrary for
controlling a parallel program
from a graphicsinterface

We have groupedour softwareinterfaceallowing to coordinatea graphicsnterface
runningon a visualizationworkstationto control a parallelsoftwarerunningon a
distantlylocatedclusterinto alibrary calledClusterConnect.

C.1 Structure

Messages;hannelsmessagéags,collective operations

As statedabore, thepurposeof thislibrary is thetransmissiommf messageletween
avisualizationworkstation(VW) andthe nodesof a cluster The communication
shouldful Il severalconditions:

It mustbefastin orderto allow numeroudarge messages.

It mustbesecuresincemessagemaypotentiallypasshroughanunsecured
wide areanetwork (WAN).

Sincewe wantto allow long-distancecommunicationsmessagesmustbe
ableto passhrough re walls.

Thesoftwareinterfaceshouldbeassimpleaspossible.
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C.2 Software architecture

The main missionof the library is the ability to senda messagehrougha com-
municationchannel.Hence thetwo mainnotions,representely the C++ classes
MessageandCommChannelcommunicatiorchannel).

C.2.1 Communication channels

Communicationchannelsare ableto sendandreceve primitive objects,suchas
numbers. This meansthat 1) they have to managethe “low level” interface of
communication:sendingandreceving a o w of bytesstoredin a databuffer; 2)
they provide a methodto encodenumbersnto the buffer.

Classhierarchy

Figure C.1 shaws the classhierarchyof implementedcommunicationchannels.
The baseclassCommChannel senesasa commoninterface betweenthem. It
de nesthefollowing methods:

packint andpackFloat :encodeasequencef integersor realsinto the
communicatiorbuffer.

unpackint andunpackFloat : decodea sequenc®f integersor reals
from the buffer.

sizelnt  andsizeFloat : returnthesizeof thebuffer requiredto encode
agivennumberof integersor reals.Dependingonthe encodingmethod this
sizecanvary from the one occupiedby the numbersin the memoryof the
computer

send andreceive : transmissiorof the databuffer.

Remark Theunpackint andunpackFloat functionsneedto now in ad-
vancethe numberof numbersthey have to recorer. Thus, the transmissiorof a
vectoroccursas:

/I communicating an integer vector vec of size n
Sender:
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FigureC.1: Classdiagramfor the channehierarchy

packint(1, n)

packint(n, vec)
Receiver:
unpackint(l, n)
vec = allocate_vector _of siz e(n)
unpackint(n, vec)

The MPI broadcastchannel This channelallows the mastemodeto broadcast
amessagéo theothers.Thecommunicatioritself is doneusingthe MPI function
MPI_Bcast ,which enableghebroadcasbf simpleobjects,suchasnumbers.

The TCP/IP channel It communicateshe databuffer throughTCP/IPsoclets.
Sincethischannemayhave to senddatathroughslow links, theinformationis rst
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FigureC.2: Classdiagramfor the messagéierarchy

compresseteforesending,andtransparentlydecompressedt destination. The
compression/decompsian is performedusingthe zlib library®, which employs
analgorithmderived from Ziv andLempel(1977).

C.2.2 Messages

A messagés an objectcontainingthe datathat needsto be transmitted.In gen-
eral, its contentsconsistsof integer or real numbersor vectors. The baseclass
Message providesa commoninterfacefor all messagesA messageilsocon-
tainsthe algorithmthat packs(functionencode ) or unpackgfunctiondecode )
it from a communicatiorchannek databuffer. In orderto packor unpackitself
to/fromthechannek buffer, it useghedesirecchannebk packint , packFloat
unpackint andunpackFloat methods.Usingthe channek sizelnt  and
sizeFloat functions, the size function reportsthe size of the data buffer
neededo encodeghe message.

Othermessagelassesarederivedfrom thebaseclass.FigureC.2shavs theexam-
ple of MessageStart , usedby the GUI to requestebeaginningof aregistration
job. Thedatait carriesconsistgin asimpli ed vision)in thetwo inputimagesfor

the registration(sourceandtarget). The GUI createsone suchmessagepassing
it thetwo images.Theencode , decode andsize functionsareappropriately
implementedn orderto carrythetwo images.

Thttp://www gzip.og/
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Algorithm 9 Receving amessage

1. receve anintegern=thesizeof themessage
2. receve abuffer buf of sizen (in bytes)
3. recevethetag of themessageepresentingts type

4. usetheM essageFactory to build anobjectm of thetype correspondingo
thetag

5. use the MessaggHandlerFactory to build an appropriate
M essageHandler for themessagéag

6. invoke the handle methodof the M essageHandler, andpassit the mes-
sagem asaparameter

C.3 Receving a message

The dif culty in receving a messageonsistsin the fact that not all messages
containthe samedata(seeAlgorithm 9). Eachclassrepresentinga messagéasa
staticintegertag. Identifyinga messagatits receiptis donethroughits tag, which
is sentthroughthecommunicatiorthanneprior to themessagéself. Uponreceipt
of the tag anda databuffer containingthe pacled messagea messagdactoryis
invoked to createa messag®bjectof the type given by thetag. It thencallsthe
decode methodof themessag@hichreadshedatafrom thebuffer. Themessage
handleris theninvoked.

C.4 GUI to cluster communication

Dueto the possibleisolationof the visualizationworkstationfrom the clusterby
a rewall?, the GUI cannotdirectly broadcasti messageo all the nodesof the
cluster:it canonly communicatevith the mastemode. Thus,the messagdasto
be sent rst to the mastemode,which forwardsit to the restof the cluster The
systemis furthercompl«i ed by the factthatthe communicationbetween,rst,
theGUI andthemasterandsecondithemasterandthecluster donotusethesame
communicatiorprotocol.

Thealgorithmis describedn FigureC.3. A messagef anappropriataypeis rst
createdand lled with appropriatedataby the GUI (stepl) anda“send” orderis

2This situationis presentn our testsystemwherea rewall lters the network trafc between
thevisualizationworkstationandthe computerof thecluster
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issuedstep2). TheTCP/IPchannelclassTCPChannel ) is usedto packthemes-
sageinto a buffer (step3), whichis communicatedalongwith themessagéag)to
themastemode(step4) throughthe TCP/IPchannel.Uponits receiptthemessage
is unpacled by the master(step5) asdescribedn SectionC.3. Sincethe message
will beforwardedto the othernodesusingan MPI broadcasprimitive (insteadof
TCP/IP),it is repacled usingthe MPI broadcasthannel(classMPIBChannel )
(step6) andsent(step7). At the end,all nodesreceve the messagavhich they
decodeasin SectionC.3(step8).

Thealgorithmhasbeendescribechereusingthe TCP/IPprotocolto communicate
betweenthe visualizationworkstationandthe mastemode. However, the archi-
tectureis not dependenbn the usageof TCP/IR andthis protocolcanbereplaced
with a higherperformanceone. Valid alternatves are Globus I/0 andHTTP, but
we didn't testeitherof them.
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FigureC.3: The GUI broadcasta messagéo all the processorsf thecluster The

stepnumberis indicatedon theleft sideof the stepdescription.
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