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Abstract. Assessmentof normalandabnormalanatomicalvariability requiresa
coordinatesystemenablinginter-subjectcomparison.We presenta binary min-
imum entropy criterion to assessaffine andnonrigid transformationsbringing a
groupof subjectscansinto alignment.This measureis a data-drivenmeasureal-
lowing the identificationof an intrinsic coordinatesystemof a particulargroup
of subjects.We assessedtwo statisticalatlasesderivedfrom magneticresonance
imagingof newborn infantswith gestationalagerangingfrom 24 to 40 weeks.
Over this agerangemajor structuralchangesoccurin the humanbrain andex-
isting atlasesareinadequateto capturethe resultinganatomicalvariability. The
binaryentropy measurewe proposeallows anobjective choicebetweencompet-
ing registrationalgorithmsto bemade.1

1 Intr oduction

Assessmentof normalandabnormalanatomicalvariability requiresa coordinatesys-
tem enablinginter-subjectcomparison[1–3]. Several nonrigid registrationalgorithms
havebeenproposedfor comparinganatomyor for theconstructionof statisticalatlases
[4–13], andeachhasadvantagesthatmake it attractive for theseapplicationsin some
circumstancesbut alsodisadvantagesthatpotentiallymaylimit theapplicability.

Werestrictourconsiderationhereto only thosenonrigidregistrationalgorithmsthat
attemptto projectanatomyfrom a sourceto a targetwith a plausiblemodelof defor-
mation.If we allow arbitrarynonrigid transformationsthenanatomicallyimplausible
deformationscanbeconstructedto generatearbitrarily goodalignments.For example,
oneconstructionto achieveperfectintensitymatchingof two volumesis thefollowing:
for eachvoxel of the target,scanacrossthe sourceuntil a voxel with matchinginten-
sity is found,andthenprojectthis voxel from thesourceinto thetarget.As long asthe
sourcehasthe sameor larger intensityrangeasthe target this will result in a perfect
intensitymatchbut will tell usnothingusefulabouthow to projecttheanatomyof the
sourceto matchthetarget.

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

1 This paperappearedat MICCAI 2001: Fourth InternationalConferenceon Medical Image
ComputingandComputer-AssistedIntervention;2001Oct 14–17;Utrecht,TheNetherlands,
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coordinatesystem.Typical measuresavailable in a statisticalatlasare the meanand
varianceof theunderlyingacquisitionsignalintensityat eachvoxel, andvery often,a
segmentationof eachacquisitionis alsocarriedout.In orderto assessthequalityof the
alignment,we requirea tissuesegmentationof sometype be available.The segmen-
tationallows us to comparethespatialdistribution of the structuresof interestfor the
particularapplicationor anatomyfor whichsuchanatlasis intended.

We defineperfectalignmentasevery voxel of an acquisitionbeingin correspon-
dencewith preciselythesameanatomyin eachscan.Underthesecircumstances,com-
paringthe segmentationsof eachscanwe would find the samestructureidentifiedat
eachvoxel.Variabilitybetweentheacquisitionscanbeconsideredencodedby thetrans-
formationsthatbring theminto alignment.For example,a scanof the brainmight be
broughtinto alignmentwith a groupof scans,first by anaffine transformationcorrect-
ing for rotation,translationandscaledifferences,andthena nonrigid transformation
correctingfor local shapevariations.In this casethe interestinganatomicalvariability
of the scanis encodedby the nonrigid transformationthat bringsit into the common
coordinatesystem.

In informationtheory, the information(or uncertainty)associatedwith a signal is
referredto astheentropy of thesignal[14]. Entropy-basedmethodswerefirst usedin
medicalimageregistrationby [15,16]. RecentlyMiller et al. [17] proposedusingpix-
elwise entropiesacrossa setof binary imagesasa measureof their joint alignment.
Here,we apply this techniqueto multi-valuedvolumesin three-dimensionswith the
goalof constructingaprobabilisticanatomicalatlasin anintrinsic coordinatesystemin
orderto describeanatomicalvariability. We proposecomputingthevoxelwiseentropy
of thesegmentationsof eachstructureof thescans(asdefinedbelow). Thismeasureof
entropy is zerofor a setof scansin perfectalignmentasdescribedabove.Underthese
circumstances,a perfectnonrigid registrationalgorithm hasbeenable to captureall
of the anatomicalvariability andencodeit in thenonrigid transformation,leaving the
uncertaintyof theatlas(or coordinatesystem)aszero.For apracticalnonrigidregistra-
tion algorithm,wemayexpectthattheentropy of theatlasdoesnot reachthedesirable
valueof zero,in whichcasetheanatomicalvariability thatthenonrigidregistrationcan
captureis encodedin thesetof transformationsbringingthescansinto alignment,and
crucially theamountof anatomicalvariability not capturedby thenonrigidregistration
algorithmis indicatedby theentropy of thealignedsegmentations.

Therefore,we proposeto assessa statisticalatlasby measuringthebinaryentropy
of the alignedsegmentationsvoxelwise.We considerthe minimum entropy statistical
atlasasdefininganintrinsic coordinatesystemfor theanatomyunderconsideration.

2 Method

Weconsiderheretheapplicationof constructingastatisticalatlasof magneticresonance
imagesof newborninfantswith agestationagerangingfrom 24 to 40weeks.Over this
periodmajordevelopmentalchangesin thehumanbraintake place[18].

Weappliedaffine(translation,rotationandscaleparametersonly, noshearparame-
terswereconsidered)andnonrigidregistrationto constructastatisticalatlasfrom tissue
classificationsof the above subjects.We useda minimum entropy criterion asan ob-



jective measureof thequality of thestatisticalatlasgeneratedby affine transformation
aloneandby affineandnonrigidregistrationtogether.

2.1 MRI Acquisition

SpoiledGradientRecalledAcquisitionsin the Steadystate(SPGR)with a voxel size
of 0.7x0.7x1.5mm3 (coronalT1w) andConventionalSpinEcho(axialT2w/PDw)MR
acquisitionswith a voxel sizeof 0.7x0.7x3.0mm3 of newborn infantsareacquiredat
our institutionunderaprotocolwith IRB approval.Twentytwo acquisitionsof subjects
with gestationalage(GA) � 34 weekswereanalysed.For eachsubject,T2w andPDw
volumeswere resampledto align with andhave the samevoxel sizeandacquisition
orderastheT1w volumes.

2.2 TissueClassification

A sequenceof imageprocessingalgorithmswasusedto segmenteachof theMRI acqui-
sitionsinto separatetissueclasses:corticalgraymatter(GM), subcorticalGM, unmyeli-
natedwhite matter(WM), myelinatedWM andcerebrospinalfluid (CSF).Thesealgo-
rithms weredesignedto reduceimagingsystemnoise,andto classifytissuetypeson
thebasisof MR intensityandexpectedanatomyderivedfrom a template.Anisotropic
diffusion filtering wasusedto smoothnoisewithout blurring fine details.Supervised
spatiallyvarying templatemoderatedclassificationwasusedto identify tissueclasses
[19]. This analysisis a supervisednonparametricmultispectralclassificationalgorithm
which identifiestissueclassesin thedatasetby comparisonto a setof prototypetissue
valuesselectedby an expert operator, knowledgeablein both developmentalneuro-
nanatomyandpediatricMR-imaging.

2.3 Minimum Entr opy Affine Alignment

Following [17], we definethe joint voxelwiseentropy of a collectionof J binary vol-
umes,Sj � j � 1 ����� J, eachbroughtinto alignmentby a transformTj , as

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

∑
i 
 1

H � vi �

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

We wantanentropy expressionfor a tissueclassificationderivedfrom MRI acqui-
sitionsof subjects.We treateachtissueclassasa separatebinaryvolume,computethe
entropy independentlyfor eachtissueclassasabove andsumthe entropy for eachto
obtainthetotalentropy of agivenalignmentof acollectionof tissueclassifications.An
alternative entropy expressionwould besimply the entropy of the multi-valuedtissue
distributions,i.e.not treatingeachtissueclassindependently.

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

arg min
T1 � � � � � TJ

E � T1 � S1 � � T2 � S2 � � �	��� � TJ � SJ ��� �



A local optimizationmethodhasbeenproposedto solve this optimizationsimul-
taneouslyfor eachtransform[17]. However, herewe proposeto approximatethis by
fixing onevolumeandcomputingthe minimum entropy transformbetweenthis and
the other tissueclassificationsusinga previously describedfast, robust andaccurate
affineregistrationmethodsuitablefor tissueclassifications[20]. We thereforesolvethe
optimizationproblem:

argmin
T �k

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

whereI ��� � is theidentity transform,andhenceweconstructtheatlaswith entropy

E � I � S1 � � T �
2 � S2 � � �	��� � T �

J � SJ ��� �

2.4 Nonrigid Registration

We describein this sectionthenonrigidregistrationalgorithmwe usedfor theexperi-
mentsreportedbelow. However, theprimaryfocusof thiswork is to describethemethod
for evaluatingany particularnonrigidregistrationalgorithm,andthemethodwe apply
here(which is quite successful)is simply oneof many that shouldbe evaluatedand
compared.

Prior to computinga nonrigid registration,the above affine registrationis usedto
remove global rotation,translationandscaledifferences.Thenonrigid registrational-
gorithmweusedfor ourexperimentshereis ageneralizationof themethodproposedby
Ferrantandco-workers[21]. In thatwork, displacementswereestimatedfrom segmen-
tationsof two scansby anactivesurfacematch,andthenonrigiddeformationbetween
surfaceswascomputedby solving a linear elasticphysics-basedmodel.Herewe re-
placetheactive surfacematcherwith a bruteforcenormalizedcrosscorrelationsearch
from regionsof high local structure.Again,displacementsaway from theseregionsare
computedby solvinga linearelasticphysics-basedmodel.

LocalStructureDetection Sparselysampledpointswith regionsof high localstructure
wereobtainedby smoothingMR acquisitionswith anedge-enhancingnoisesmoothing
nonlineardiffusionfilter, computingthemagnitudeof thegradient,andselectingpoints
two standarddeviationsabovethemeanmagnitudeof thegradient.

CorrespondenceMeasurementThenormalizedcross-correlationfunctionallowscom-
parisonof regionsof two scans.Thefunctionpeaksfor thedisplacementthatbestaligns
the two regions.We usea bruteforce searchin a limited searchrangeto identify the
bestlocalmatchfor eachpointof high local structure.

Interpolationwith a LinearElasticityModel Theabovetwo proceduresidentify sparse
estimatesacrossthe imagewith known displacements.Theseareappliedasboundary
conditionsin a linearelasticsolveranalogouslyto thatpreviouslydescribed[21].



3 Results

Figure1 andFigure2 illustratetheconstructionof statisticalatlasesusingaffine only
and affine and nonrigid registration.Five tissueclassatlasesand the corresponding
meanSPGRintensityfor therecoveredtransformationsareshown.Wecanobservethat
the nonrigid registrationproducesa spatialdistribution of tissueclassesthat is better
localized,andindeed,hasa lower entropy (measuredin bits pervoxel) for eachof the
well-alignedtissueclasses(CSF, corticalgraymatter, myelinatedwhitematter),andan
equivalententropy for thetwo tissueclasseswhich remaindifficult to spatiallylocalize
— unmyelinatedwhite matterandbasalganglia(for which the nonrigid registration
producesabetterspatialalignment,but dueto theirsmallsizeis notdifferentin thefirst
two decimalplacesof theentropy measure).

(a) CSF (b) Basalganglia (c) Corticalgraymatter
0.06bpv 0.05bpv 0.17bpv

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

Fig.1. Minimum entropy alignmentof tissueclassificationsfrom subjectswith GA � 34 weeks
with affine registration.The above figure shows a singleslice from classatlasesobtainedwith
minimum entropy affine registrationfor (left to right) CSF, basalganglia,cortical gray matter,
myelinatedwhite matterandunmyelinatedwhite matter. The entropy per voxel for eachtissue
classatlasindependentlyis notedin unitsof bitspervoxel (bpv).



(a) CSF (b) Basalganglia (c) Corticalgraymatter
0.04bpv 0.05bpv 0.15bpv

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

Fig.2. This shows the tissueclassatlasesobtainedwith nonrigid registrationfor (left to right)
CSF, basalganglia,corticalgraymatter, myelinatedwhitematterandunmyelinatedwhitematter.

4 Discussionand Conclusion

Two reportshavediscussedrelatedconcepts,describedbelow, for encodinganatomical
variability in a statisticalatlas.Thesearetheideasof compactencodingof anatomical
variability [13] anda “minimum varianceframe” [11]. We observe that the minimum
entropy criterion derived from segmentationsthat we proposehereencapsulatesboth
theconceptsof compactencodingof anatomicalvariability in aformallyprecisefashion
without the requirementof an explicit shaperepresentation,and of maximizing the
overlapof correspondinganatomicalstructures.

AshburnerandFriston [13] proposeda low resolutionnonrigid registrationalgo-
rithm optimizingovera few hundredparameters,justifying thisapproachashaving low
computationalcostandbeingsufficiently accuratewhencorrespondencebetweendif-
ferentindividuals(andbetweenstructureandfunction) is not guaranteed.They noted
the requirementfor a compactencodingof structuralvariability, suitablefor exploita-
tion by amoreadvancednonrigidregistrationalgorithm.

Collins [11, pp.28–38]providesanexcellentoverview of theTalairachatlasandre-
latedmethods,togetherwith a summaryof the primary limitations andrestrictionsof
this form of atlas.Theselimitationsprovidemotivationto searchfor anobjectivecrite-



rion with which to identify anintrinsic coordinatesystemin which a probabilisticatlas
canbe constructed.Collins constructeda meanatlasby aligning andaveragingscans
of 305primarily male,primarily youngsubjects.He foundregionsof misalignmentas
comparedto the Talairachatlasandattributed theseto normalanatomicalvariability
betweenthesubjectof theTalairachatlasandthoseof his cohort.Interestingly, Collins
[11,p.36]proposedreconstructinganew atlasin aminimumvarianceframeasamech-
anismfor identifying a data-driven“best” coordinatesystem.This doesnot yet appear
to havebeendone,possiblydueto thedifficulty of aligningcorticalstructures,for which
thenonrigidregistrationalgorithmof [11] is explicitly not designed.

Entropy is invariantto thespecificlabelassignedto eachtissue.Thenumericlabel
assignedto eachtissueis irrelevant.It is only thefrequency of occurrenceof thetissue
for a particularvoxel that matters.This is not true of the variancemeasure,which is
dependentuponthevaluesassignedto eachtissue.

Sinceentropy is the negative of the averagelog likelihood,a minimum entropy
methodcanbeinterpretedasamaximumlikelihoodmethod.Minimizing theentropy by
transformingasinglevolumeis equivalentto maximizingthemeanlog likelihoodof the
voxelsin thatvolumeunderthedistribution implied by thesetof scans.Soif we view
ourallowabletransformationsasbeingequallylikely, thenminimumentropy alignment
canbe interpretedasmaximumlikelihoodalignmentunderthe model implied by the
setof volumes[17]. Its maximumvalueoccurswhenthereis greatestdisorder, i.e. an
evendistributionof labelsoveraparticularvoxel (notnecessarilytruefor variance).Its
minimumvalueoccurswhenthereis leastdisorder, i.e. all labelsfor a particularvoxel
arethesame.This propertyis sharedby thevariancecriterion.

A minimum entropy criterion providesa meansto obtaina coordinatesystemin-
trinsic to the databeing studied.Anatomicalvariability capturedby the registration
algorithmis encodedin thetransformationsbringingsubjectscansinto alignment,and
theamountof anatomicalvariability not capturedby theregistrationalgorithmis indi-
catedby thebinaryentropy of segmentationsof thealigneddata.We proposethat this
criterion canbe appliedto assessthe alignmentsobtainedby affine andnonrigid reg-
istrationalgorithms.Theminimumentropy alignmentof segmentationsof the subject
scansrepresentsthe bestencodingof the anatomicalvariability. Hence,this is a prin-
cipledmechanismfor identifying a commoncoordinatesystemfor a groupof subjects
understudy. Thesamereasoningapplieswhenotheranatomicalstructures,suchasthe
ventriclesor thehippocampalformationareto bestudied— againa minimumentropy
criterion allows the identificationof an intrinsic coordinatesystemin which to study
thestructure.

Thework describedherehasnot dealtin detailwith constraintsuponthecapacity
of thetransformaligningtheanatomy. It is possibleto constructtransformswhichmin-
imize the entropy of the collectionwithout meaningfullydescribinganatomicalvari-
ability. For this reasonit is desirableto studythecapacityof thetransformsallowed.In
principle,thetransformsshouldbeselectedfrom thegroupdefinedby normalanatom-
ical variability, which is unfortunatelyunknown.An alternativemaybeto selectaclass
of transformsapriori andseektheminimumentropy atlasconstructedwith aminimum
descriptionlengthconstrainton theallowabletransforms.

Applying this approachto scansof newborn infantsgroupedby ageshouldallow
theconstructionof a spatiotemporalatlasof thedevelopingbrain.
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