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Abstract

Assessmertf normalandabnormahnatomicaVariability requiresacoordinatesystemen-
abling intersubjectcomparisonWe presenia minimum entropy criterionto assessffine
andnonrigidtransformation$ringing a group of subjectscansinto alignment.This mea-
sureis a data-drven measureaallowing the identificationof anintrinsic coordinatesystem
of aparticulargroupof subjectsWe assessetivo statisticalatlasesierived from magnetic
resonancémagingof newvborninfantswith gestationahgerangingfrom 24 to 40 weeks.
Overthis agerangemajor structuralchange®occurin the humanbrainandexisting atlases
areinadequaté¢o capturetheresultinganatomicavariability. Theentropy measurave pro-
poseallows anobjective choicebetweercompetingregistrationalgorithmsto be made.
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1 Introduction

Assessmendf normaland abnormalanatomicalariability requiresa coordinate
systemenablinginter-subjectcomparisorj1—3]. Severalnonrigidregistrationalgo-

rithmshave beenproposedor comparinganatomyor for the constructiorof statis-
tical atlaseg§4—13], andeachhasadvantageshatmake it attractve for theseappli-

cationsin somecircumstancebut alsodisadantageshatpotentiallymaylimit the

applicability.

Preprintsubmittedto Elsevier Science 24 December001



We restrictour consideratiorhereto only thosenonrigid registrationalgorithms
thatattemptto projectanatomyfrom a sourceto atargetwith a plausiblemodelof
deformationlf we allow arbitrarynonrigid transformationshenanatomicallyim-
plausibledeformationscanbe constructedo generaterbitrarily goodalignments.
For example,oneconstructiorto achiare perfectintensitymatchingof two volumes
is the following: for eachvoxel of the target, scanacrossthe sourceuntil a voxel
with matchingintensityis found, andthen projectthis voxel from the sourceinto
thetarget.As long asthe sourcehasthe sameor largerintensityrangeasthetarget
thiswill resultin aperfectintensitymatchbut will tell usnothingusefulabouthow
to projectthe anatomyof the sourceto matchthetarget.

We proposebelow an objective criterion for comparingthe quality of a statistical
atlas We defineastatisticaltlasof anatomyasagroupof acquisitionsn acommon
coordinatesystem.Typical measuresvailable in a statisticalatlasare the mean
andvarianceof the underlyingacquisitionsignalintensityat eachvoxel, andvery
often, a sggmentationof eachacquisitionis also carriedout. In orderto assess
the quality of the alignment,we require a tissueseggmentationof sometype be
available. The sggmentationallows us to comparethe spatialdistribution of the
structuresof interestfor the particularapplicationor anatomyfor which suchan
atlasis intended.

We defineperfectalignmentas every voxel of an acquisitionbeingin correspon-
dencewith preciselythe sameanatomyin eachscan.Underthesecircumstances,
comparinghe seggmentation®f eachscanwe would find the samestructuredenti-
fied at eachvoxel. Variability betweerthe acquisitionscanbe considerecencoded
by the transformationghat bring theminto alignment.For example,a scanof the
brain might be broughtinto alignmentwith a group of scansfirst by an affine
transformatiorcorrectingfor rotation,translationandscaledifferencesandthena
nonrigidtransformatiorcorrectingfor local shapevariations.In this casetheinter-
estinganatomicabariability of the scanis encodeddy the nonrigidtransformation
thatbringsit into thecommoncoordinatesystem.

In informationtheory the information (or uncertainty)associateavith a signalis
referredto astheentropy of thesignal[14]. Entropy-basednethodswverefirst used
in medicalimageregistrationby [15-17].RecentlyMiller etal.[18] proposedising
pixelwise entropiesacrossa setof binaryimagesasa measuref their joint align-
ment.Here,we apply this techniqueto multi-valuedvolumesin three-dimensions
with thegoalof constructinga probabilisticanatomicahtlasin anintrinsic coordi-
natesystemin orderto describeanatomicabariability. We proposecomputingthe
voxelwise entropy of the segmentationf eachstructureof the scans(asdefined
below). This measureof entrofy is zerofor a setof scansn perfectalignmentas
describedabore. Underthesecircumstancesa perfectnonrigid registrationalgo-
rithm hasbeenable to captureall of the anatomicalvariability and encodeit in
thenonrigidtransformationleaving the uncertaintyof the atlas(or coordinatesys-
tem) as zero. For a practicalnonrigid registrationalgorithm, we may expectthat



theentropy of theatlasdoesnotreachthedesirablevalueof zero,in which casethe
anatomicablariability that the nonrigid registrationcan captureis encodedn the
setof transformation®ringing the scangnto alignment,andcrucially the amount
of anatomicalariability not capturedby the nonrigid registrationalgorithmis in-

dicatedby the entrogy of thealignedsegmentations.

Therefore we proposeto assess statisticalatlasby measuringhe entropy of the
alignedsegmentationyoxelwise.We considerthe minimumentroyy statisticalat-
lasasdefininganintrinsic coordinatesystemfor theanatomyunderconsideration.

2 Method

We considelheretheapplicationof constructinga statisticalatlasof magnetiaeso-
nancemagesof newborninfantswith agestatioragerangingfrom 24to 40 weeks.
Overthis periodmajordevelopmentathangesn the humanbraintake place[19].

We appliedaffine (translationyotationandscaleparametersnly, no sheamparam-
eterswereconsideredandnonrigidregistrationto constructa statisticalatlasfrom

tissueclassification®f the above subjects We useda minimum entroyy criterion
as an objective measureof the quality of the statisticalatlasgeneratedy affine

transformatioraloneandby affine andnonrigidregistrationtogether

2.1 MRIAcquisition

SpoiledGradientRecalledAcquisitionsin the Steadystate(SPGR)with a voxel
sizeof 0.7x0.7x1.5mm? (coronalT1w) and CorventionalSpin Echo (axial PDw
andT2w) MR acquisitionswith a voxel sizeof 0.7x0.7x3.0mm? of newbornin-
fantsareacquiredundera protocolwith IRB approval. Twentytwo acquisitionsof
subjectswith gestationabge(GA) < 34 weekswere analysedFor eachsubject,
T2w andPDw volumeswereresampledo align with andhave the samevoxel size
andacquisitionorderasthe T1w volumes.

2.2 TissueClassification

A sequencef imageprocessinglgorithmswasusedto segmenteachof the MRI
acquisitionsnto separatéissueclassescorticalgraymatte(GM), subcorticalGM,
unmyelinatedvhite matter(WM), myelinatedWM andcerebrospinalfluid (CSF).
Thesealgorithmswere designedo reduceimaging systemnoise,andto classify
tissuetypeson the basisof MR intensity and expectedanatomyderived from a



template.Anisotropic diffusion filtering was usedto smoothnoisewithout blur-
ring fine details. Supervisedspatially varying templatemoderatedclassification
wasusedto identify tissueclasse$20]. Thisanalysigs asupervisechonparametric
multispectralklassificatioralgorithmwhich identifiestissueclassesn the dataset
by comparisono a setof prototypetissuevaluesselectedoy an expert operatoy
knowledgeablen bothdevelopmentaheuronanatomgndpediatricMR-imaging.

2.3  MinimumEntropy Affine Alignment

Generalizingrom [18], we definethe joint voxelwise entrogy of a collectionof J
volumetricsggmentationss;, j € 1...J, eachbroughtinto alignmentby atransform
Tj,as

N
H(T(S), T2(S), - To(S)) = Z\H (Vi)

whereN is the numberof voxelsof thevolumes,y; is therandomvariabledefined
by thevaluesof voxel i acrosgheimagesandH(-) is thediscreteentrofy function.

Considereachvolumetricimageconsistingof N voxels.We definea randomvari-
ableV ateachvoxel onthelattice of thealignedscangasdeterminedy the MRI
acquisition— this canbe generalizedo sub-woxel resolution,the only constraint
necessarys thatsub-\oxel accuratesggmentation$e available).Denotethe value
of thevalueof randomvariableV; atvoxel i by v;. Thejoint entrogy of therandom
variablesdefinedat eachvoxel is thenH (T1(S1), T2(S), ... T3(S)). If we assume
thatthe obsenationsof anatomy(tissueclass)at eachvoxel areindependentf the
neighboringvoxelsthenthejoint entroyy is thesumof theentrogy of eachvoxeli.e.
H(Ti(S), T2(S), .- T3(S)) = TR H(V), which givesus Equation2.3. The value
of H(V;) is determinecy therelative frequeng of thelabelof the segmentatiorat
voxeli. A naturalgeneralizatiowould beto relaxtheassumptiorof independence
betweerbsenationsat eachvoxel by defininga Markov randomfield to represent
the probability over a neighborhoodat eachvoxel of the tissueclassificationsand
hencecapturingto somedegreethetrue spatialcoherencef normalanatomy

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

ag_min H(T(S), 2(R),..., TI(S)).

T1,...,T3

A local optimizationmethodhasbeenproposedo solve this optimizationsimulta-
neouslyfor eachtransform[18]. However, herewe proposeto approximatehis by
fixing onevolumeandcomputingthe minimumentropy transformbetweerthisand



the othertissueclassificationsusinga previously describedast,robustandaccu-
rateaffine registrationmethodsuitablefor tissueclassificationg21]. We therefore
solve the optimizationproblem:

agminE (1 (Sy), T(S), Yk € 2...J,
Tk

wherel (-) is theidentity transform,andhencewe constructhe atlaswith entropy

H((S1), To(S), -, Ty (S0)).
2.4 Nonrigid Registration

We describein this sectionthe nonrigid registrationalgorithmwe usedfor the ex-
perimentseportedbelon. However, the primary focusof this work is to describe
the methodfor evaluatingarny particularnonrigid registrationalgorithm,andthe
methodwe applyhere(whichis quite successful)s simply oneof mary thatshould
be evaluatedandcompared.

Prior to computinga nonrigid registration,the above affine registrationis usedto
remove global rotation, translationand scaledifferences.The nonrigid registra-
tion algorithm we usedfor our experimentshere[22] is a generalizatiorof the
methodproposedy Ferrantandco-workers[23]. In thatwork, displacemente/ere
estimatedirom seggmentationsof two scansby an active surface match,and the
nonrigid deformationbetweensurfaceswas computedby solving a linear elastic
physics-basethodel.Herewe replacetheactive surfacematchemvith abruteforce
normalizedcrosscorrelationsearchfrom regions of high local structure.Again,
displacementsway from theseregions are computedby solving a linear elastic
physics-basethodel.

Local Structure Detection Sparselysampledpointswith regionsof high local
structurewere obtainedby smoothingMR acquisitionswith an edge-enhancing
noisesmoothingnonlineardiffusion filter, computingthe magnitudeof the gradi-
ent,andselectingpointstwo standardieviationsabove the meanmagnitudeof the
gradient.

Correspondence Measurement The normalizedcross-correlatiorfunction al-
lows comparisorof regionsof two scansThe function peaksfor the displacement
that bestalignsthe two regions. We usea brute force searchin a limited search
rangeto identify the bestlocal matchfor eachpointof highlocal structure.



Interpolation with a Linear Elasticity Model Theabove two proceduresden-
tify sparseestimatescrosgsheimagewith known displacementslheseareapplied
asboundaryconditionsin alinearelasticsolver[22,23].

3 Resaults

Figure 1 andFigure 2 illustrate the constructionof statisticalatlasesusingaffine
only and affine and nonrigid registration.Five tissueclassatlasesand the corre-
spondingmeanSPGRintensityfor the recoveredtransformationsare shovn. We
canobsene that the nonrigid registrationproducesa spatialdistribution of tissue
classeshatis betterlocalized,andindeed hasalowerentrory (measuredh bitsper
voxel) for eachof thewell-alignedtissueclasse§CSF, corticalgray matter myeli-
natedwhite matter),and an equivalententrofy for the two tissueclasseswvhich
remaindifficult to spatiallylocalize— unmyelinatedvhite matterandbasalgan-
glia (for which the nonrigid registrationproducesa betterspatialalignment,but
dueto their smallsizeis not differentin thefirst two decimalplacesof the entrogy
measure).

4 Discussion and Conclusion

Two reportshave discussedelatedconceptsgdescribedelow, for encodinganatom-
ical variability in a statisticalatlas. Theseare the ideasof compactencodingof
anatomicavariability [13] anda “minimum varianceframe” [11]. We obsenre that
the minimum entroyy criterion derived from segmentationghat we proposehere
encapsulateboththe conceptof compactencodingof anatomicalariability in a
formally precisefashionwithout the requiremenof an explicit shaperepresenta-
tion, andof maximizingthe overlapof corresponding@natomicaktructures.

Ashhurnerand Friston[13] proposeda low resolutionnonrigid registrationalgo-
rithm optimizingoverafew hundredparametergustifying thisapproactashaving
low computationakcostand being sufficiently accuratevhen correspondencbe-
tweendifferentindividuals(andbetweenrstructureandfunction)is not guaranteed.
They notedthe requiremenfor a compactencodingof structuralvariability, suit-
ablefor exploitationby a moreadvancednonrigidregistrationalgorithm.

Collins [11, pp.28-38]provides an excellentoverview of the Talairachatlasand
relatedmethodstogetherwith a summaryof the primary limitations andrestric-
tions of this form of atlas. Theselimitations provide motivationto searchfor an
objectve criterionwith which to identify anintrinsic coordinatesystemin which a
probabilisticatlascanbe constructedSomeof theselimitationsinclude a lack of
consisteng in the anatomicadefinitionsmadeby Talairach Jack of incorporation



(@) CSF (b) Basalganglia (c) Corticalgray matter
0.06bpv 0.05bpv 0.17bpv

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

Fig. 1. Minimum entrofy alignmentof tissueclassificationdrom subjectswith GA < 34
weekswith affine registration. The above figure shawvs a single slice from classatlases
obtainedwith minimum entrogy affine registrationfor (left to right) CSF basalganglia,
corticalgray matter myelinatedwhite matterandunmyelinatedvhite matter The entropy
pervoxel for eachtissueclassatlasindependentlys notedin unitsof bits pervoxel (bpv).

of anatomicalariability (e.g.anerrorof 10-20mmin thelocalizationof thecentral
sulcusobsenedby Talairach[24]) anda lack of consisteng betweenthe existing
but differentmethodsof aligning nev scanswith ary of the coordinatesystems
now commonlyreferredto as“Talairach-basedCollins constructeca meanatlas
by aligning andaveragingscansof 305 primarily male,primarily youngsubjects.
He foundregionsof misalignmentascomparedo the Talairachatlasandattributed
theseto normalanatomicalariability betweerthesubjectof the Talairachatlasand
thoseof his cohort.Interestingly Collins[11, p.36] proposedeconstructing new
atlasin a minimum varianceframe asa mechanisnfor identifying a data-drven
“best” coordinatesystemThis doesnotyetappeato have beendone,possiblydue
to the difficulty of aligning cortical structuresfor which the nonrigid registration
algorithmof [11] is explicitly notdesigned.

Entropy is invariantto the specificlabelassignedo eachtissue. The numericlabel
assignedo eachtissueis irrelevant. It is only the frequeng of occurrenceof the
tissuefor a particularvoxel that matters.This is not true of the variancemeasure,



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

0.04bpv 0.05bpv 0.15bpv

L

(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,cortical gray matter myelinatedwhite matterandunmyelinated
white matter

whichis dependentiponthevaluesassignedo eachtissue.

Sinceentropy is the negative of the averagelog likelihood, a minimum entrogy

methodcanbe interpretedasa maximumlik elihood method.Minimizing the en-
tropy by transforminga singlevolumeis equivalentto maximizingthe meanlog

likelihoodof thevoxelsin thatvolumeunderthedistribution implied by the setof

scans.Soif we view our allowable transformationsas being equally likely, then
minimum entrofy alignmentcanbe interpretedasmaximumlik elihoodalignment
underthe modelimplied by the setof volumes[18]. Its maximumvalue occurs
whenthereis greatestisorderi.e. an evendistribution of labelsover a particular
voxel (not necessarilytrue for variance) Its minimum value occurswhenthereis

leastdisorder i.e. all labelsfor a particularvoxel arethe same.This propertyis

sharedy the variancecriterion.

A minimum entroyy criterion providesa meansto obtaina coordinatesystemin-

trinsicto thedatabeingstudied Anatomicalvariability capturedoy theregistration
algorithmis encodedn the transformation®ringing subjectscangnto alignment,
andtheamountof anatomicalariability not capturedy theregistrationalgorithm
is indicatedby the entropy of segmentationf the aligneddata.We proposethat



this criterion canbe appliedto assesshe alignmentsobtainedby affine andnon-
rigid registrationalgorithms.The minimumentrogy alignmentof sggmentation®f

thesubjectscangepresentshe bestencodingof the anatomicalariability. Hence,
this is a principled mechanisnfor identifying a commoncoordinatesystemfor a

groupof subjectsunderstudy The samereasoningapplieswhenotheranatomical
structuressuchasthe ventriclesor the hippocampaformationareto be studied—

againa minimumentroyy criterionallows the identificationof anintrinsic coordi-

natesystemin whichto studythestructure.

Thework describedcherehasnot dealtin detailwith constraintauponthe capacity
of thetransformaligningthe anatomy!|t is possibleto constructransformswvhich
minimizetheentrofy of thecollectionwithoutmeaningfullydescribinganatomical
variability. For this reasonit is desirableto studythe capacityof the transforms
allowed.In principle,thetransformsshouldbe selectedrom the groupdefinedby
normalanatomicalariability, whichis unfortunatelyunknovn. An alternatve may
beto selecta classof transformsa priori andseekthe minimum entropy atlascon-
structedwith aminimumdescriptioriengthconstrainon theallowabletransforms.

Applying this approacho scansof newborninfantsgroupedby ageshouldallow
the constructiorof a spatiotemporahtlasof the developingbrain.
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