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Abstract. Assessmendf normalandabnormaknatomicabariability requiresa
coordinatesystemenablinginter-subjectcomparisonWe presenta binary min-
imum entropy criterionto assessffine andnonrigid transformationdringing a
groupof subjectscansnto alignment.This measureés a data-diven measureal-
lowing the identificationof anintrinsic coordinatesystemof a particulargroup
of subjectsWe assessetvo statisticalatlaseslerived from magneticresonance
imaging of newborninfantswith gestationabhgerangingfrom 24 to 40 weeks.
Over this agerangemajor structuralchangeoccurin the humanbrain and ex-
isting atlasesareinadequateo capturethe resultinganatomicalariability. The
binary entrofy measurave proposeallows anobjective choicebetweencompet-
ing registrationalgorithmsto be made 1

1 Intr oduction

Assessmendf normalandabnormalanatomicalariability requiresa coordinatesys-
tem enablinginter-subjectcomparisor1-3]. Several nonrigid registrationalgorithms
have beenproposedor comparinganatomyor for the constructiorof statisticalatlases
[4-13], andeachhasadwantageghat make it attractive for theseapplicationan some
circumstancebut alsodisadwantageshatpotentiallymay limit the applicability.

We restrictour consideratiomereto only thosenonrigidregistrationalgorithmsthat
attemptto projectanatomyfrom a sourceto a targetwith a plausiblemodelof defor
mation. If we allow arbitrary nonrigid transformationghen anatomicallyimplausible
deformationscanbe constructedo generatarbitrarily goodalignmentsFor example,
oneconstructiorto achiese perfectintensitymatchingof two volumesis thefollowing:
for eachvoxel of the target, scanacrosshe sourceuntil a voxel with matchinginten-
sity is found,andthenprojectthis voxel from the sourceinto the target. As long asthe
sourcehasthe sameor larger intensityrangeasthe target this will resultin a perfect
intensitymatchbut will tell usnothingusefulabouthow to projectthe anatomyof the
sourceto matchthetarget.

We proposebelanv an objective criterion for comparingthe quality of a statistical
atlas.We definea statisticalatlasof anatomyasa groupof acquisitionsn a common

1 This paperappearedat MICCAI 2001: Fourth InternationalConferenceon Medical Image
Computingand ComputerAssistedintervention; 2001 Oct 14—-17;Utrecht, The Netherlands,
page66-274.



coordinatesystem.Typical measuresvailablein a statisticalatlasare the meanand
varianceof the underlyingacquisitionsignalintensityat eachvoxel, andvery often, a
segmentatiorof eachacquisitionis alsocarriedout. In orderto assesshe quality of the
alignment,we requirea tissuesggmentationof sometype be available. The sgmen-
tation allows usto comparethe spatialdistribution of the structuresof interestfor the
particularapplicationor anatomyfor which suchanatlasis intended.

We define perfectalignmentas every voxel of an acquisitionbeingin correspon-
dencewith preciselythe sameanatomyin eachscan.Underthesecircumstances;om-
paring the segmentationof eachscanwe would find the samestructureidentified at
eachvoxel. Variability betweertheacquisitionsanbeconsidere@ncodedy thetrans-
formationsthat bring theminto alignment.For example,a scanof the brain might be
broughtinto alignmentwith a groupof scansfirst by anaffine transformatiorcorrect-
ing for rotation,translationand scaledifferencesandthena nonrigid transformation
correctingfor local shapevariations.In this casethe interestinganatomicablariability
of the scanis encodedby the nonrigid transformatiorthat bringsit into the common
coordinatesystem.

In informationtheory the information (or uncertainty)associatedvith a signalis
referredto asthe entropy of the signal[14]. Entropy-basedmethodswerefirst usedin
medicalimageregistrationby [15, 16]. RecentlyMiller etal. [17] proposedisingpix-
elwise entropiesacrossa setof binary imagesas a measureof their joint alignment.
Here, we apply this techniqueto multi-valuedvolumesin three-dimensionsvith the
goalof constructinga probabilisticanatomicahtlasin anintrinsic coordinatesystemin
orderto describeanatomicalariability. We proposecomputingthe voxelwise entropy
of the sgmentation®f eachstructureof the scangasdefinedbelow). This measuref
entropy is zerofor a setof scansn perfectalignmentasdescribedabove. Underthese
circumstancesa perfectnonrigid registrationalgorithm hasbeenable to captureall
of the anatomicalvariability andencodeit in the nonrigid transformationjeaving the
uncertaintyof theatlas(or coordinatesystem)aszero.For a practicalnonrigidregistra-
tion algorithm,we may expectthatthe entrogy of the atlasdoesnot reachthedesirable
valueof zero,in which casetheanatomicavariability thatthe nonrigidregistrationcan
captureis encodedn the setof transformationdringing the scansnto alignment,and
crucially theamountof anatomicalariability not capturedoy the nonrigid registration
algorithmis indicatedby theentroypy of the alignedsegmentations.

Therefore we proposeio assess statisticalatlasby measuringhe binary entrory
of the alignedsegmentations/oxelwise. We considerthe minimum entrofy statistical
atlasasdefininganintrinsic coordinatesystemfor theanatomyunderconsideration.

2 Method

We considetheretheapplicationof constructinga statisticalatlasof magnetiaesonance
imagesof newborninfantswith a gestatioragerangingfrom 24 to 40 weeks.Over this
periodmajordevelopmentathangesn the humanbraintake place[18].

We appliedaffine (translationyotationandscaleparametersnly, no sheamparame-
terswereconsideredandnonrigidregistrationto constructa statisticalatlasfrom tissue
classificationf the above subjectsWe useda minimum entroy criterion asan ob-



jective measuref the quality of the statisticalatlasgeneratedy affine transformation
aloneandby affine andnonrigidregistrationtogether

2.1 MRI Acquisition

SpoiledGradientRecalledAcquisitionsin the Steadystate(SPGR)with a voxel size
of 0.7x0.7x1.5mm? (coronalT1w) andCorventionalSpin Echo(axial T2w/PDw) MR

acquisitionswith a voxel size of 0.7x0.7x3.0mm? of newborninfantsare acquiredat
ourinstitutionundera protocolwith IRB approval. Twentytwo acquisitionsof subjects
with gestationahge(GA) < 34 weekswereanalysedFor eachsubject,T2w andPDw
volumeswere resampledo align with and have the samevoxel size and acquisition
orderasthe T1w volumes.

2.2 TissueClassification

A sequencefimageprocessinglgorithmswvasusedo segmenteachof theMRI acqui-

sitionsinto separatéissueclassescorticalgraymatte(GM), subcorticalGM, unmyeli-

natedwhite matter(WM), myelinatedWM andcerebrospinalluid (CSF).Thesealgo-

rithms were designedo reduceimaging systemnoise,andto classifytissuetypeson

the basisof MR intensityandexpectedanatomyderived from a template Anisotropic

diffusion filtering was usedto smoothnoisewithout blurring fine details.Supervised
spatiallyvarying templatemoderatedtlassificationrwas usedto identify tissueclasses
[19]. Thisanalysiss a supervisedionparametrienultispectraklassificatioralgorithm

whichidentifiestissueclassesn thedatasetby comparisorto a setof prototypetissue
valuesselectedby an expert operator knowledgeablein both developmentalneuro-
nanatomyandpediatricMR-imaging.

2.3 Minimum Entropy Affine Alignment

Following [17], we definethe joint voxelwise entrogy of a collectionof J binary vol-
umes,S;, j € 1...J, eachbroughtinto alignmentby atransformT;, as

N
E(Tl(Sl),TQ(Sz), ...TJ(SJ)) = .ZlH (Vi)

whereN is thenumberof voxelsof thevolumesy; is thebinaryrandonvariabledefined
by thevaluesof voxel i acrosgheimagesandH (-) is thediscreteentrogy function.

We wantan entropy expressiorfor atissueclassificationderivedfrom MRI acqui-
sitionsof subjectsWe treateachtissueclassasa separatdinary volume,computethe
entropy independenthffor eachtissueclassasabove andsumthe entrogy for eachto
obtainthetotal entropy of a givenalignmentof a collectionof tissueclassificationsAn
alternative entropy expressionwould be simply the entrogy of the multi-valuedtissue
distributions,i.e. nottreatingeachtissueclassindependently

A minimum entrogy alignmentseeksto identify the setof transformsT; which
minimizesthe entroyy of the collectioni.e.

arngin E(Tl(Sl),TZ(SZ),...,TJ(SJ)).

Tyeees 1]



A local optimizationmethodhasbeenproposedo solve this optimizationsimul-
taneouslyfor eachtransform[17]. However, herewe proposeto approximatethis by
fixing one volume and computingthe minimum entrogy transformbetweenthis and
the othertissueclassificationausing a previously describedfast, robust and accurate
affine registrationmethodsuitablefor tissueclassification$20]. We thereforesolve the
optimizationproblem:

argminE(1(Sy), Te(SK)), Yk € 2.3,
Ty

wherel (+) is theidentity transform,andhencewe constructhe atlaswith entrogy

EI(S), (), 5 (D))

2.4 Nonrigid Registration

We describein this sectionthe nonrigid registrationalgorithmwe usedfor the experi-
mentsreportecbelon. However, theprimaryfocusof thiswork is to describehemethod
for evaluatingary particularnonrigid registrationalgorithm,andthe methodwe apply
here(which is quite successful)s simply one of mary that shouldbe evaluatedand
compared.

Prior to computinga nonrigid registration,the above affine registrationis usedto
remove globalrotation,translationand scaledifferencesThe nonrigid registrational-
gorithmwe usedfor our experimentsereis ageneralizatiorof themethodproposedy
Ferrantandco-workers[21]. In thatwork, displacementaereestimatedrom segmen-
tationsof two scansby anactive surfacematch,andthe nonrigid deformationbetween
surfaceswas computedby solving a linear elastic physics-basednodel. Here we re-
placethe active surfacematchemwith a bruteforce normalizedcrosscorrelationsearch
from regionsof highlocal structure Again, displacementsway from theseregionsare
computedby solvingalinearelasticphysics-basethodel.

Local Structue Detection Sparselysampledointswith regionsof highlocal structure
wereobtainedby smoothingMR acquisitionswith anedge-enhancingoisesmoothing
nonlineardiffusionfilter, computingthe magnitudeof the gradientandselectingpoints
two standardieviationsabove the meanmagnitudeof thegradient.

Correspondenc#leasuement The normalizedcross-correlatiofunctionallows com-
parisonof regionsof two scansThefunctionpeakdor thedisplacementhatbestaligns
the two regions.We usea bruteforce searchin a limited searchrangeto identify the
bestlocal matchfor eachpoint of highlocal structure.

Interpolationwith a Linear ElasticityModel Theabovetwo proceduresdentify sparse
estimatesacrosgheimagewith known displacementsTheseareappliedasboundary
conditionsin alinearelasticsolver analogousiyto thatpreviously described21].



3 Results

Figure 1 andFigure 2 illustratethe constructionof statisticalatlasesusingaffine only
and affine and nonrigid registration. Five tissue classatlasesand the corresponding
meanSPGRintensityfor therecoveredtransformationsireshavn. We canobsenethat
the nonrigid registrationproducesa spatialdistribution of tissueclasseghatis better
localized,andindeed hasa lower entropy (measuredn bits pervoxel) for eachof the
well-alignedtissueclasse{CSF, corticalgray matter myelinatedwhite matter),andan
equialententroyy for thetwo tissueclassesvhich remaindifficult to spatiallylocalize
— unmyelinatedwhite matterand basalganglia(for which the nonrigid registration
produces betterspatialalignmentbut dueto their smallsizeis not differentin thefirst
two decimalplacesof the entrofy measure).

(@) CSF (b) Basalganglia (c) Corticalgray matter

0.06bpv 0.05bpv 0.17bpv

4

(d) Myelinatedwhite matter  (e) Unmyelinatedvhite matter  (f) AverageSPGRintensity
0.05bpv 0.14bpv

Fig. 1. Minimum entrogy alignmentof tissueclassificationgrom subjectswith GA < 34 weeks
with affine registration.The above figure shaws a single slice from classatlasesobtainedwith

minimum entropy affine registrationfor (left to right) CSF, basalganglia,cortical gray matter

myelinatedwhite matterandunmyelinatedvhite matter The entrogy pervoxel for eachtissue
classatlasindependentlys notedin unitsof bits pervoxel (bpv).



(a)CSF (b) Basalganglia (c) Corticalgray matter
0.04bpv 0.05bpv 0.15bpv

(d) Myelinatedwhite matter  (e) Unmyelinatedvhite matter  (f) AverageSPGRintensity
0.04bpv 0.14bpv

Fig. 2. This shaws the tissueclassatlasesobtainedwith nonrigid registrationfor (left to right)
CSF, basalganglia,corticalgray matter myelinatedwvhite matterandunmyelinatedvhite matter

4 Discussionand Conclusion

Two reportshave discussedelatedconceptsdescribedelow, for encodinganatomical
variability in a statisticalatlas.Thesearetheideasof compactencodingof anatomical
variability [13] anda “minimum varianceframe” [11]. We obsene thatthe minimum
entropy criterion derived from segmentationghat we proposehereencapsulateboth
theconcept®f compacencodingof anatomicalariability in aformally preciseashion
without the requirementof an explicit shaperepresentationand of maximizing the
overlapof correspondin@natomicaktructures.

Ashhurnerand Friston[13] proposeda low resolutionnonrigid registrationalgo-
rithm optimizingoverafew hundredoarametergustifying this approactashaving low
computationakostandbeingsuficiently accuratevhencorrespondencbetweendif-
ferentindividuals (and betweenstructureandfunction) is not guaranteedThey noted
therequiremenfor a compactencodingof structuralvariability, suitablefor exploita-
tion by amoreadvancednhonrigidregistrationalgorithm.

Collins[11, pp.28—38Jprovidesanexcellentoverview of the Talairachatlasandre-
lated methodstogethemwith a summaryof the primary limitations andrestrictionsof
this form of atlas.Thesdimitations provide motivationto searchfor anobjectie crite-



rion with which to identify anintrinsic coordinatesystemin which a probabilisticatlas
canbe constructedCollins constructech meanatlasby aligning and averagingscans
of 305 primarily male,primarily youngsubjectsHe foundregionsof misalignmentas
comparedo the Talairachatlasand attributed theseto normal anatomicalvariability
betweerthe subjectof the Talairachatlasandthoseof his cohort.Interestingly Collins
[11, p.36]proposedeconstructingnew atlasin aminimumvarianceframeasamech-
anismfor identifying a data-driven“best” coordinatesystem.This doesnot yet appear
to havebeendone possiblydueto thedifficulty of aligningcorticalstructuresfor which
thenonrigidregistrationalgorithmof [11] is explicitly notdesigned.

Entropy is invariantto the specificlabelassignedo eachtissue.The numericlabel
assignedo eachtissueis irrelevant.lt is only thefrequeng of occurrencef thetissue
for a particularvoxel that matters.This is not true of the variancemeasurewhich is
dependentponthevaluesassignedo eachtissue.

Sinceentrofy is the negative of the averagelog likelihood, a minimum entrogy
methodcanbeinterpretecasamaximumlik elihoodmethod Minimizing theentrogy by
transformingasinglevolumeis equivalentto maximizingthemeanlog lik elihoodof the
voxelsin thatvolumeunderthe distribution implied by the setof scansSoif we view
ourallowabletransformationsisbeingequallylik ely, thenminimumentropy alignment
canbe interpretedas maximumlik elihoodalignmentunderthe modelimplied by the
setof volumes[17]. Its maximumvalueoccurswhenthereis greatestisorderi.e. an
evendistribution of labelsover a particularvoxel (not necessarilyruefor variance)Its
minimumvalueoccurswhenthereis leastdisorderi.e. all labelsfor a particularvoxel
arethe same.This propertyis sharecby the variancecriterion.

A minimum entrofy criterion providesa meansto obtaina coordinatesystemin-
trinsic to the databeing studied.Anatomicalvariability capturedby the registration
algorithmis encodedn thetransformation$ringing subjectscansnto alignment,and
the amountof anatomicalvariability not capturedoy the registrationalgorithmis indi-
catedby the binary entrogy of segmentation®f the aligneddata.We proposethatthis
criterion canbe appliedto assesshe alignmentsobtainedby affine and nonrigid reg-
istrationalgorithms.The minimum entropy alignmentof segmentationf the subject
scansrepresentshe bestencodingof the anatomicalvariability. Hence this is a prin-
cipled mechanisnfor identifying a commoncoordinatesystemfor a groupof subjects
understudy The samereasoningapplieswhenotheranatomicaktructuressuchasthe
ventriclesor the hippocampaformationareto be studied— againa minimumentropy
criterion allows the identificationof anintrinsic coordinatesystemin which to study
thestructure.

Thework describecherehasnot dealtin detail with constraintaiponthe capacity
of thetransformaligningtheanatomylt is possibleto constructransformsvhich min-
imize the entrogy of the collectionwithout meaningfullydescribinganatomicalvari-
ability. For thisreasorit is desirableo studythe capacityof thetransformsallowed. In
principle,thetransformsshouldbe selectedrom the groupdefinedby normalanatom-
ical variability, whichis unfortunatelyunknawvn. An alternatve maybeto selecta class
of transformsa priori andseekthe minimumentrogy atlasconstructedvith aminimum
descriptionengthconstrainton the allowabletransforms.

Applying this approacho scansof newborninfantsgroupedby ageshouldallow
theconstructiorof a spatiotemporadtlasof the developingbrain.
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