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Abstract

Assessmentof normalandabnormalanatomicalvariability requiresacoordinatesystemen-
abling inter-subjectcomparison.We presenta minimumentropy criterion to assessaffine
andnonrigid transformationsbringinga groupof subjectscansinto alignment.This mea-
sureis a data-driven measureallowing the identificationof an intrinsic coordinatesystem
of aparticulargroupof subjects.Weassessedtwo statisticalatlasesderivedfrom magnetic
resonanceimagingof newborn infantswith gestationalagerangingfrom 24 to 40 weeks.
Over this agerangemajorstructuralchangesoccurin thehumanbrainandexistingatlases
areinadequateto capturetheresultinganatomicalvariability. Theentropy measurewepro-
poseallows anobjective choicebetweencompetingregistrationalgorithmsto bemade.
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1 Introduction

Assessmentof normalandabnormalanatomicalvariability requiresa coordinate
systemenablinginter-subjectcomparison[1–3].Severalnonrigidregistrationalgo-
rithmshavebeenproposedfor comparinganatomyor for theconstructionof statis-
tical atlases[4–13],andeachhasadvantagesthatmake it attractive for theseappli-
cationsin somecircumstancesbut alsodisadvantagesthatpotentiallymaylimit the
applicability.
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We restrict our considerationhereto only thosenonrigid registrationalgorithms
thatattemptto projectanatomyfrom a sourceto a targetwith a plausiblemodelof
deformation.If we allow arbitrarynonrigidtransformationsthenanatomicallyim-
plausibledeformationscanbeconstructedto generatearbitrarily goodalignments.
For example,oneconstructionto achieveperfectintensitymatchingof twovolumes
is the following: for eachvoxel of the target,scanacrossthesourceuntil a voxel
with matchingintensityis found,andthenprojectthis voxel from thesourceinto
thetarget.As longasthesourcehasthesameor largerintensityrangeasthetarget
thiswill resultin aperfectintensitymatchbut will tell usnothingusefulabouthow
to projecttheanatomyof thesourceto matchthetarget.

We proposebelow anobjective criterion for comparingthequality of a statistical
atlas.Wedefineastatisticalatlasof anatomyasagroupof acquisitionsin acommon
coordinatesystem.Typical measuresavailable in a statisticalatlasare the mean
andvarianceof theunderlyingacquisitionsignalintensityat eachvoxel, andvery
often, a segmentationof eachacquisitionis also carriedout. In order to assess
the quality of the alignment,we requirea tissuesegmentationof sometype be
available.The segmentationallows us to comparethe spatialdistribution of the
structuresof interestfor the particularapplicationor anatomyfor which suchan
atlasis intended.

We defineperfectalignmentasevery voxel of an acquisitionbeingin correspon-
dencewith preciselythe sameanatomyin eachscan.Underthesecircumstances,
comparingthesegmentationsof eachscanwewouldfind thesamestructureidenti-
fied at eachvoxel. Variability betweentheacquisitionscanbeconsideredencoded
by the transformationsthatbring theminto alignment.For example,a scanof the
brain might be brought into alignmentwith a group of scans,first by an affine
transformationcorrectingfor rotation,translationandscaledifferences,andthena
nonrigidtransformationcorrectingfor local shapevariations.In this casetheinter-
estinganatomicalvariability of thescanis encodedby thenonrigidtransformation
thatbringsit into thecommoncoordinatesystem.

In informationtheory, the information(or uncertainty)associatedwith a signalis
referredto astheentropy of thesignal[14]. Entropy-basedmethodswerefirst used
in medicalimageregistrationby [15–17].RecentlyMiller etal. [18] proposedusing
pixelwiseentropiesacrossa setof binary imagesasa measureof their joint align-
ment.Here,we apply this techniqueto multi-valuedvolumesin three-dimensions
with thegoalof constructingaprobabilisticanatomicalatlasin an intrinsic coordi-
natesystemin orderto describeanatomicalvariability. We proposecomputingthe
voxelwiseentropy of thesegmentationsof eachstructureof thescans(asdefined
below). This measureof entropy is zerofor a setof scansin perfectalignmentas
describedabove. Underthesecircumstances,a perfectnonrigid registrationalgo-
rithm hasbeenable to captureall of the anatomicalvariability andencodeit in
thenonrigidtransformation,leaving theuncertaintyof theatlas(or coordinatesys-
tem) aszero.For a practicalnonrigid registrationalgorithm,we may expect that
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theentropy of theatlasdoesnot reachthedesirablevalueof zero,in whichcasethe
anatomicalvariability that the nonrigid registrationcancaptureis encodedin the
setof transformationsbringingthescansinto alignment,andcrucially theamount
of anatomicalvariability not capturedby thenonrigidregistrationalgorithmis in-
dicatedby theentropy of thealignedsegmentations.

Therefore,we proposeto assessa statisticalatlasby measuringtheentropy of the
alignedsegmentationsvoxelwise.We considertheminimumentropy statisticalat-
lasasdefininganintrinsiccoordinatesystemfor theanatomyunderconsideration.

2 Method

Weconsiderheretheapplicationof constructingastatisticalatlasof magneticreso-
nanceimagesof newborninfantswith agestationagerangingfrom 24to 40weeks.
Over thisperiodmajordevelopmentalchangesin thehumanbraintakeplace[19].

We appliedaffine (translation,rotationandscaleparametersonly, no shearparam-
eterswereconsidered)andnonrigidregistrationto constructastatisticalatlasfrom
tissueclassificationsof theabove subjects.We useda minimum entropy criterion
asan objective measureof the quality of the statisticalatlasgeneratedby affine
transformationaloneandby affineandnonrigidregistrationtogether.

2.1 MRI Acquisition

SpoiledGradientRecalledAcquisitionsin the Steadystate(SPGR)with a voxel
sizeof 0.7x0.7x1.5mm3 (coronalT1w) andConventionalSpinEcho(axial PDw
andT2w) MR acquisitionswith a voxel sizeof 0.7x0.7x3.0mm3 of newborn in-
fantsareacquiredundera protocolwith IRB approval. Twentytwo acquisitionsof
subjectswith gestationalage(GA) � 34 weekswereanalysed.For eachsubject,
T2w andPDwvolumeswereresampledto alignwith andhave thesamevoxel size
andacquisitionorderastheT1w volumes.

2.2 TissueClassification

A sequenceof imageprocessingalgorithmswasusedto segmenteachof theMRI
acquisitionsinto separatetissueclasses:corticalgraymatter(GM), subcorticalGM,
unmyelinatedwhite matter(WM), myelinatedWM andcerebrospinalfluid (CSF).
Thesealgorithmsweredesignedto reduceimagingsystemnoise,andto classify
tissuetypeson the basisof MR intensity and expectedanatomyderived from a
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template.Anisotropic diffusion filtering wasusedto smoothnoisewithout blur-
ring fine details.Supervisedspatially varying templatemoderatedclassification
wasusedto identify tissueclasses[20]. Thisanalysisis asupervisednonparametric
multispectralclassificationalgorithmwhich identifiestissueclassesin thedataset
by comparisonto a setof prototypetissuevaluesselectedby an expert operator,
knowledgeablein bothdevelopmentalneuronanatomyandpediatricMR-imaging.

2.3 MinimumEntropyAffineAlignment

Generalizingfrom [18], we definethe joint voxelwiseentropy of a collectionof J
volumetricsegmentations,Sj � j � 1 ����� J, eachbroughtinto alignmentby atransform
Tj , as

H � T1 � S1 	
� T2 � S2 	�� ����� TJ � SJ 	
	��
N

∑
i � 1

H � vi 	

whereN is thenumberof voxelsof thevolumes,vi is therandomvariabledefined
by thevaluesof voxel i acrosstheimagesandH ��� 	 is thediscreteentropy function.

Considereachvolumetricimageconsistingof N voxels.We definea randomvari-
ableV at eachvoxel on thelatticeof thealignedscans(asdeterminedby theMRI
acquisition— this canbe generalizedto sub-voxel resolution,theonly constraint
necessaryis thatsub-voxel accuratesegmentationsbeavailable).Denotethevalue
of thevalueof randomvariableVi at voxel i by vi . Thejoint entropy of therandom
variablesdefinedat eachvoxel is thenH � T1 � S1 	�� T2 � S2 	�� ����� TJ � SJ 	�	 . If we assume
thattheobservationsof anatomy(tissueclass)ateachvoxel areindependentof the
neighboringvoxelsthenthejoint entropy is thesumof theentropy of eachvoxel i.e.
H � T1 � S1 	
� T2 � S2 	�� ����� TJ � SJ 	
	�� ∑N

i � 1H � Vi 	 , which givesusEquation2.3.Thevalue
of H � Vi 	 is determinedby therelative frequency of thelabelof thesegmentationat
voxel i. A naturalgeneralizationwouldbeto relaxtheassumptionof independence
betweenobservationsateachvoxel by definingaMarkov randomfield to represent
theprobabilityover a neighborhoodat eachvoxel of thetissueclassifications,and
hencecapturingto somedegreethetruespatialcoherenceof normalanatomy.

A minimum entropy alignmentseeksto identify the set of transformsTj which
minimizestheentropy of thecollectioni.e.

arg min
T1 ��������� TJ

H � T1 � S1 	�� T2 � S2 	�� ����� � TJ � SJ 	�	 �

A localoptimizationmethodhasbeenproposedto solve this optimizationsimulta-
neouslyfor eachtransform[18]. However, hereweproposeto approximatethis by
fixing onevolumeandcomputingtheminimumentropy transformbetweenthisand
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the othertissueclassificationsusinga previously describedfast,robust andaccu-
rateaffine registrationmethodsuitablefor tissueclassifications[21]. We therefore
solve theoptimizationproblem:

argmin
T �k

E � I � S1 	�� T �
k � Sk 	�	���� k � 2 ����� J �

whereI ��� 	 is theidentity transform,andhenceweconstructtheatlaswith entropy

H � I � S1 	�� T �
2 � S2 	�� ����� � T �

J � SJ 	�	 �

2.4 Nonrigid Registration

We describein this sectionthenonrigidregistrationalgorithmwe usedfor theex-
perimentsreportedbelow. However, theprimary focusof this work is to describe
the methodfor evaluatingany particularnonrigid registrationalgorithm,and the
methodweapplyhere(whichis quitesuccessful)is simplyoneof many thatshould
beevaluatedandcompared.

Prior to computinga nonrigid registration,theabove affine registrationis usedto
remove global rotation, translationand scaledifferences.The nonrigid registra-
tion algorithm we usedfor our experimentshere[22] is a generalizationof the
methodproposedby Ferrantandco-workers[23]. In thatwork,displacementswere
estimatedfrom segmentationsof two scansby an active surfacematch,and the
nonrigid deformationbetweensurfaceswascomputedby solving a linear elastic
physics-basedmodel.Herewereplacetheactivesurfacematcherwith abruteforce
normalizedcrosscorrelationsearchfrom regionsof high local structure.Again,
displacementsaway from theseregionsarecomputedby solving a linear elastic
physics-basedmodel.

Local Structure Detection Sparselysampledpointswith regionsof high local
structurewere obtainedby smoothingMR acquisitionswith an edge-enhancing
noisesmoothingnonlineardiffusionfilter, computingthemagnitudeof thegradi-
ent,andselectingpointstwo standarddeviationsabove themeanmagnitudeof the
gradient.

Correspondence Measurement The normalizedcross-correlationfunction al-
lows comparisonof regionsof two scans.Thefunctionpeaksfor thedisplacement
that bestaligns the two regions.We usea brute force searchin a limited search
rangeto identify thebestlocalmatchfor eachpoint of high local structure.
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Interpolation with a Linear Elasticity Model Theabove two proceduresiden-
tify sparseestimatesacrosstheimagewith known displacements.Theseareapplied
asboundaryconditionsin a linearelasticsolver [22,23].

3 Results

Figure1 andFigure2 illustratethe constructionof statisticalatlasesusingaffine
only andaffine andnonrigid registration.Five tissueclassatlasesand the corre-
spondingmeanSPGRintensity for the recoveredtransformationsareshown. We
canobserve that the nonrigid registrationproducesa spatialdistribution of tissue
classesthatis betterlocalized,andindeed,hasalowerentropy (measuredin bitsper
voxel) for eachof thewell-alignedtissueclasses(CSF, corticalgraymatter, myeli-
natedwhite matter),and an equivalententropy for the two tissueclasseswhich
remaindifficult to spatiallylocalize— unmyelinatedwhite matterandbasalgan-
glia (for which the nonrigid registrationproducesa betterspatialalignment,but
dueto their smallsizeis notdifferentin thefirst two decimalplacesof theentropy
measure).

4 Discussion and Conclusion

Tworeportshavediscussedrelatedconcepts,describedbelow, for encodinganatom-
ical variability in a statisticalatlas.Theseare the ideasof compactencodingof
anatomicalvariability [13] anda “minimum varianceframe” [11]. Weobservethat
the minimum entropy criterion derived from segmentationsthat we proposehere
encapsulatesboththeconceptsof compactencodingof anatomicalvariability in a
formally precisefashionwithout the requirementof an explicit shaperepresenta-
tion, andof maximizingtheoverlapof correspondinganatomicalstructures.

AshburnerandFriston[13] proposeda low resolutionnonrigid registrationalgo-
rithm optimizingoverafew hundredparameters,justifying thisapproachashaving
low computationalcostandbeingsufficiently accuratewhencorrespondencebe-
tweendifferentindividuals(andbetweenstructureandfunction)is notguaranteed.
They notedthe requirementfor a compactencodingof structuralvariability, suit-
ablefor exploitationby amoreadvancednonrigidregistrationalgorithm.

Collins [11, pp.28–38]providesan excellentoverview of the Talairachatlasand
relatedmethods,togetherwith a summaryof the primary limitations andrestric-
tions of this form of atlas.Theselimitations provide motivation to searchfor an
objectivecriterionwith which to identify anintrinsiccoordinatesystemin whicha
probabilisticatlascanbeconstructed.Someof theselimitations includea lack of
consistency in theanatomicaldefinitionsmadeby Talairach,lack of incorporation
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(a)CSF (b) Basalganglia (c) Corticalgraymatter

0.06bpv 0.05bpv 0.17bpv

(d) Myelinatedwhitematter (e) Unmyelinatedwhitematter (f) AverageSPGRintensity

0.05bpv 0.14bpv

Fig. 1. Minimum entropy alignmentof tissueclassificationsfrom subjectswith GA � 34
weekswith affine registration.The above figure shows a single slice from classatlases
obtainedwith minimum entropy affine registrationfor (left to right) CSF, basalganglia,
corticalgraymatter, myelinatedwhite matterandunmyelinatedwhite matter. Theentropy
pervoxel for eachtissueclassatlasindependentlyis notedin unitsof bitspervoxel (bpv).

of anatomicalvariability (e.g.anerrorof 10-20mmin thelocalizationof thecentral
sulcusobservedby Talairach[24]) anda lack of consistency betweentheexisting
but differentmethodsof aligning new scanswith any of the coordinatesystems
now commonlyreferredto as“Talairach-based”.Collins constructeda meanatlas
by aligningandaveragingscansof 305primarily male,primarily youngsubjects.
Hefoundregionsof misalignmentascomparedto theTalairachatlasandattributed
theseto normalanatomicalvariabilitybetweenthesubjectof theTalairachatlasand
thoseof his cohort.Interestingly, Collins [11, p.36]proposedreconstructinga new
atlasin a minimum varianceframeasa mechanismfor identifying a data-driven
“best” coordinatesystem.Thisdoesnotyetappearto havebeendone,possiblydue
to thedifficulty of aligningcortical structures,for which thenonrigid registration
algorithmof [11] is explicitly not designed.

Entropy is invariantto thespecificlabelassignedto eachtissue.Thenumericlabel
assignedto eachtissueis irrelevant. It is only the frequency of occurrenceof the
tissuefor a particularvoxel thatmatters.This is not trueof thevariancemeasure,
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(a)CSF (b) Basalganglia (c) Corticalgraymatter

0.04bpv 0.05bpv 0.15bpv

(d) Myelinatedwhitematter (e) Unmyelinatedwhitematter (f) AverageSPGRintensity

0.04bpv 0.14bpv

Fig. 2. This shows the tissueclassatlasesobtainedwith nonrigid registrationfor (left to
right) CSF, basalganglia,corticalgraymatter, myelinatedwhite matterandunmyelinated
white matter.

which is dependentuponthevaluesassignedto eachtissue.

Sinceentropy is the negative of the averagelog likelihood,a minimum entropy
methodcanbe interpretedasa maximumlikelihoodmethod.Minimizing the en-
tropy by transforminga singlevolumeis equivalentto maximizingthe meanlog
likelihoodof thevoxelsin thatvolumeunderthedistribution implied by thesetof
scans.So if we view our allowable transformationsasbeingequally likely, then
minimumentropy alignmentcanbeinterpretedasmaximumlikelihoodalignment
underthe model implied by the set of volumes[18]. Its maximumvalueoccurs
whenthereis greatestdisorder, i.e. anevendistribution of labelsover a particular
voxel (not necessarilytrue for variance).Its minimum valueoccurswhenthereis
leastdisorder, i.e. all labelsfor a particularvoxel are the same.This propertyis
sharedby thevariancecriterion.

A minimum entropy criterionprovidesa meansto obtaina coordinatesystemin-
trinsic to thedatabeingstudied.Anatomicalvariability capturedby theregistration
algorithmis encodedin thetransformationsbringingsubjectscansinto alignment,
andtheamountof anatomicalvariability notcapturedby theregistrationalgorithm
is indicatedby theentropy of segmentationsof the aligneddata.We proposethat
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this criterion canbe appliedto assessthe alignmentsobtainedby affine andnon-
rigid registrationalgorithms.Theminimumentropy alignmentof segmentationsof
thesubjectscansrepresentsthebestencodingof theanatomicalvariability. Hence,
this is a principledmechanismfor identifying a commoncoordinatesystemfor a
groupof subjectsunderstudy. Thesamereasoningapplieswhenotheranatomical
structures,suchastheventriclesor thehippocampalformationareto bestudied—
againa minimumentropy criterionallows theidentificationof an intrinsic coordi-
natesystemin which to studythestructure.

Thework describedherehasnot dealtin detailwith constraintsuponthecapacity
of thetransformaligningtheanatomy. It is possibleto constructtransformswhich
minimizetheentropy of thecollectionwithoutmeaningfullydescribinganatomical
variability. For this reasonit is desirableto study the capacityof the transforms
allowed.In principle,thetransformsshouldbeselectedfrom thegroupdefinedby
normalanatomicalvariability, whichis unfortunatelyunknown.An alternativemay
beto selecta classof transformsa priori andseektheminimumentropy atlascon-
structedwith aminimumdescriptionlengthconstraintontheallowabletransforms.

Applying this approachto scansof newborn infantsgroupedby ageshouldallow
theconstructionof aspatiotemporalatlasof thedevelopingbrain.
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