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Abstract
We arguethat registration shouldbethoughtof asa means
to an end, and not as a goal by itself. In particular, we
considertheproblemof predictingthe locationsof hidden
labels of a test image using observablefeatures, given a
trainingsetwith boththehiddenlabelsandobservablefea-
tures.For example, thehiddenlabelscouldbesegmentation
labelsor activationregions in fMRI, while the observable
featurescouldbesulcalgeometryor MRintensity.

We analyzea probabilistic framework for computingan
optimalatlas,andthesubsequentregistrationof a new sub-
ject usingonly theobservablefeaturesto optimizethehid-
den label alignmentto the training set. We compare two
approachesfor co-registeringtraining imagesfor theatlas
construction:thetraditionalapproachof onlyusingobserv-
able features and a novel approach of only using hidden
labels. We arguethat the alternativeapproach is superior
particularly whenthe relationshipbetweenthe hiddenla-
belsandobservablefeaturesis complex andunknown.

As an application, we considerthe task of registering
cortical folds to optimizeBrodmannarea localization. We
showthat thealignmentof theBrodmannareasimprovesby
up to 25%whenusingthealternativeatlascomparedwith
the traditional atlas. To the bestof our knowledge, these
are the mostaccurate Brodmannarea localization results
(achievedvia cortical fold registration) reportedto date.

1. Intr oduction
This paperexploresthe generalproblemof optimal at-

lasconstructionwith theaim of predictingthe locationsof
hiddenlabelsin a testimageusingobservablefeaturesas-
suminga training set is available. The terms“labels” and
“features”areusedin ageneralsense.For example,thehid-
denlabelscouldbesegmentationlabels,activationregions
in fMRI or Brodmannareas,while theobservablefeatures
could be cortical folds or voxel intensities. Furthermore,
therolesof hiddenlabelsandobservablefeaturesareprob-

lem speci�c. For example,onecould ask the questionof
localizingcorticalfoldsbasedon fMRI observations.

The traditional approachto atlasconstructionemploys
imageregistrationalgorithmsthat maximizethe similarity
betweenimagefeaturesto bring training subjectsinto an
image-matchedcoordinateframe. Thegoal is to make the
imageslookassimilaraspossible,mostof thetimeignoring
label information. This approachassumesthat correspon-
denceacrossall trainingandtestsubjectscanandshouldbe
achieved using theseobservablefeatures. Oncethe train-
ing subjectsarein correspondence,regressors(statisticalor
otherwise)relating the observable featuresandhiddenla-
belsarecomputedto summarizethepopulation,which can
laterbeusedto infer unobservedlabelsin a testimage.

Alternatively, weproposecomputationof anatlasby co-
registeringthehiddenlabelsin thetrainingset.This yields
a differentalignment,particularlyif thelabelsandfeatures
are not strongly correlated. For example, the observable
featurescouldbecorticalfolds (visible in in-vivoMRI) and
unseenlabelscouldbecytoarchitecturalstructures(notvis-
ible in in-vivo MRI). Consequently, statisticscomputedin
this alternative label-matchedcoordinateframediffer from
thoseof thetraditionalatlasandtheresultingregistrationof
a testimagewill thereforealsobedifferent.

Thefollowing toy exampleillustratesthedifferencesbe-
tweenthe two approaches.Figures1(a,d)show two train-
ing images,wheretheredandblueboxesrepresentobserv-
able imagefeaturesand the black box is an unobservable
label.Theblackhiddenlabelis completelypredictedby the
blueobservablefeature,i.e., it is alwaysto theright of the
bluefeature.In bothimages,theredfeatureis thedominant
observableimagefeatureandis not predictive of theblack
label. Allowing for only translations, the image-matching
approachalignsthered featuresinceit dominatestheblue
feature.In contrast,thelabel-matchingapproachalignsthe
black label, with the blue featurealignedasa result. Fig-
ures1(b,e)show themeanimagein theimage-matchedand

1



label-matchedreferenceframesrespectively. Figures1(c,f)
show the varianceimagein the image-matchedandlabel-
matched referenceframesrespectively. The alignedfea-
turesandlabelshavezerovariance(emptyboxes).In partic-
ular, thebluefeaturehaszerovariancein thelabel-matched
frame,implying thatlow variancefeaturesarepredictiveof
thelabels.Whenweregisteranunlabeledimageusingonly
the red andblue features,the hiddenlabel will be aligned
with only onetraining imagein the image-matchedframe.
In contrast,thehiddenlabelwill bealignedto thelabelsof
bothimagesin thelabel-matchedframe.

In practice,theremightnotexist featuresthatcompletely
predictthehiddenlabels.However, theconstellationof low
variancepredictivefeaturesin thelabel-matchedcoordinate
framecouldconceivably improve thealignmentof thehid-
denlabels.In thispaper, weshow thatthealternative label-
matchedatlasstrategy yields signi�cantly improvedalign-
mentof the Brodmannareasbetweenthe testandtraining
imagescomparedwith a traditionalimage-matchedatlas.

(a)FirstTrainingImage (b) Mean Image in

IM Frame

(c) VarianceImagein

IM Frame

(d) Second Training

Image

(e)MeanImagein LM

Frame

(f) VarianceImage in

LM Frame

Figure1. Toy Example(seetext for detailedexplanations).(a,d):
TrainingImages.Black rectanglerepresentsa hiddenlabel. Blue
andred boxesareobservablefeatures.The redbox is muchbig-
ger than the blue box. Allowing for only translations, after co-
registrationof training images:(b,e): meanandvarianceimages
in the image-matched frame. (c,f): meanandvarianceimagesin
thelabel-matchedframe.Emptyboxesdenotezerovariance.

2. Background

2.1. Registration and Atlas Construction

Registrationaimsto bring imagesinto thesameframeof
referenceallowing for meaningfulcomparisons.To register
apopulationof images,onecanregisteranew subjectto all
subjectsin thedatabase[9, 19]. A moreef�cient methodis
to summarizethepopulationwith a representative. Rather
thanpicking an arbitrarysubjectasa representative, some
methodshavefocusedondeterminingthemostunbiasedat-
las[10, 14, 18] or multipleatlases[16] from agroupof sub-
jects. This usuallyinvolvestheregistrationof thesubjects

into animage-matchedcoordinateframe,followedby atlas
statisticscomputation.Zollei etal. [24] avoid pickingapar-
ticular representativealtogetherin theco-registrationof the
training images.However, the �nal referenceframeis still
animage-matchedcoordinateframe.

A questionthenarisesonhow well thefeaturesshouldbe
aligneddueto thetradeoff betweenimage�delity andwarp
regularization. Twining et al. [20] optimizesthis tradeoff
by �nding the leastcomplex atlasthat explainsthe image
featuresof the population. This is useful if the goal is a
modelto explain theseobservablefeatures.

However, registrationto anatlasis oftenonlyaninterme-
diatestepbeforefurthercomputationsuchasshapeanaly-
sis. In segmentation,the conventionalparadigmwarpsa
new subjectto the image-matchedcoordinateframeof the
training set. The segmentationlabelsof the training sub-
jects are then usedto infer thoseof the subject. In joint
registration-segmentation[15], thehiddenlabelsandwarps
of a new subjectare inferredsimultaneouslywith respect
to the atlas. However, most studieson atlas-basedjoint
registration-segmentationareinconsistentdueto theuseof
segmentationlabelsin theregistrationof a new subjectbut
not in theco-registrationof thetrainingimages.

An exceptionis thejoint registration-parcellationof cor-
tical surfaces[22] thatprovidesa consistentschemeof uti-
lizing segmentationlabelsin theregistrationof bothtestand
trainingimages.VanLeemput[12] �nds theleastcomplex
atlasthatexplainsthemanuallabelsof a trainingset,dual
to Twining's work [20]. While VanLeemputdid not show
any veri�cation of his atlas,our resultsin this paperseem
to suggesthis atlasmightbeusefulfor segmentation.

A fundamentalmodelingassumptionin almostall the
atlas constructionliterature is the choice of the image-
matchedcoordinateframe. This workswell whenthegoal
is featurealignmentor whentheobservablefeaturesde�ne
or stronglycorrelatewith thehiddenlabels(true for many
applications).However, if thehiddenlabelsandobservable
featureshave weakor complex correlations,thenlearning
thecorrelationsshouldleadto improvedresults.

2.2. BrodmannAr eas

The applicationwe consideris the parcellationof the
humancerebralcortex into Brodmannareas[4]. The cy-
toarchitectonicpropertiesde�ning theBrodmannareasare
mostly visible only in histology and more recently ex-
vivo MRI [3]. Unfortunately, much of the cytoarchitec-
tonics cannotbe observed with current in-vivo imaging.
Yet, today, most studiesreport their functional �ndings
with respectto Brodmannareas,usually achieved by vi-
sualcomparisonof cortical foldswith Brodmann'soriginal
drawings without estimatesof con�dence. More recently,
probabilisticBrodmannareamapscreatedin theTalairach
andColin27normalizedspacevia combinedhistologyand



MRI [6, 17, 23] promisea moreprincipledapproach.
Despitethewidespreadpracticeof usingmacro-anatomy

suchascortical folds to estimateandreportBrodmannar-
easin individualbrains,little is known abouttheir relation-
ship. In fact,studieshaveshown thatevenprominentBrod-
mannareas,e.g.,V1 (BA17) andV2 (BA18), have signif-
icantly variableTalairachcoordinatesacrosssubjects[1].
Yet, it is not clearwhetherthe widely reportedinaccuracy
in Brodmannarealocalizationre�ects the true variability
of theunderlyingarchitectonicareaswith respectto macro-
anatomicalcortical folds or is due to the poor quality of
inter-subjectalignment.

In this paper, we employ anon-linearsurface-basedreg-
istrationalgorithmto co-register the labelsin the training
imagesinto a label-matchedcoordinateframeby convert-
ing the label imagesinto signeddistancemaps[13]. The
resultingatlasconsistsof themeanandvarianceimagesof
cortical geometrycomputedin this label-matchedcoordi-
nateframe. The samealgorithmis usedto registera new
subject's corticalgeometryto theatlas,assigningmoreim-
portanceto low varianceatlasregionswhich aremorepre-
dictiveof Brodmannarealocationsvia naturalweightingof
thevariance.Theselow varianceregionsarenotnecessarily
closeto theBrodmannareas.

Ourapproachis similar to methodsthatsegmentregions
of low or nocontrast,basedonpredictive informationfrom
other regionsthat canbe moreeasilysegmented[11, 21].
However, mostof theseautomaticmethodsemploy expert
knowledgeabout the domain to determinethese“predic-
tors.” In contrast,we discover thesepredictorsautomati-
cally andusethemto drivetheregistrationof anew subject.

In thenext section,wediscusstwo modelingapproaches
for atlasconstructionandthe alignmentof a new subject.
In sections4.1 and4.2, we instantiatethe modelwith re-
spectto a data-setthat containsBrodmannlabelsobtained
viahistologyandmappedto thecorrespondingMRI volume
[17, 23]. We presentexperimentalresultsin section4.3.

3. Theory: Registration & Atlas Computation

Let L N
1 = f L 1; � � � ; L N g andY N

1 = f Y1; � � � ; YN g de-
note the hiddenlabelsand observable featuresgiven in a
trainingsetof N imagesrespectively. Let YN +1 betheob-
servationof anew subject.

We denoteRN
1 = f R1; � � � ; RN g andRN +1 to be the

registrationparametersof the training setandnew subject
respectively. Let � be the atlasparametersthat we aim
to learn from the training set that model the hidden la-
belsand/orobservablefeaturesin thenormalizedreference
frame.For example,� canmodelthespatialdistributionof
differentbrain structuresL and/orthe MR intensitydistri-
butionY of a particulartissuetypeL .

We will follow thecommonapproachof estimatingthe
unknowns � , RN

1 andRN +1 sequentially. We begin with

the maximuma-posteriori(MAP) formulation to estimate
theatlasparameters� andregistrationparametersRN

1 :

(� � ; RN �
1 ) = argmax

� ;R N
1

p(� ; RN
1 jL N

1 ; Y N
1 ) (1)

Assuminga uniform prior on � , we obtain the following
MaximumLikelihood(ML) atlasobjective function:

(� � ; RN �
1 ) = argmax

� ;R N
1

p(RN
1 ; L N

1 ; Y N
1 j�) (2)

Giventheestimatedatlasparameters� � , we canthenesti-
matetheregistrationof anew subjectRN +1 via:

R�
N +1 = argmax

R N +1

p(YN +1 ; RN +1 j� � ) (3)

Sucha sequentialestimationprocessis not optimalbut can
be shown to be a reasonableapproximationof the much
morecomputationallyexpensiveMAP problem:

(� � ; RN +1 �
1 ) = argmax

� ;R N +1
1

p(� ; RN +1
1 jY N +1

1 ; L N
1 ) (4)

Wenow concentrateon theatlasterm(eq.2) by rewriting it
as:

p(RN
1 ; L N

1 ; Y N
1 j�) = p(RN

1 j�) p(L N
1 ; Y N

1 j� ; RN
1 ) (5)

The �rst term p(RN
1 j�) canbe thoughtof as the prior or

regularizationon the registrationparameters.The crux of
this paperlies in thesecondterm,which is thedata-�delity
function:

p(L N
1 ; Y N

1 j� ; RN
1 ) = p(Y N

1 j� Y ; RN
1 )p(L N

1 j� L j Y ; Y N
1 ; RN

1 )(6)

= p(L N
1 j� L ; RN

1 )p(Y N
1 j� Y j L ; L N

1 ; RN
1 ) (7)

where� = � Y
S

� L jY = � L
S

� Y jL . � Y and� L arethe
parametersthatmodelonly Y andonly L respectively. For
example,� L canmodelthespatialdistribution of different
brain structuresL . � Y jL model the observationsY given
the labelsL . For example,� Y jL canmodeltheMR inten-
sity distribution Y of a particulartissuetypeL . Similarly,
� L jY modelthelabelsL givenobservationsY.

Considerthefollowing two approachesof modelingthe
data-�delity function:

1. Traditionally (for example [7]), the atlasparameters
� Y and RN

1 are estimatedby optimizing the �rst
term p(Y N

1 j� Y ; RN
1 ) of eq. (6) with the regulariza-

tion p(Rj�) . This canbedonein a coordinate-ascent
mannerby alternatingstepsof optimizing the regis-
tration parametersRN

1 and optimizing the atlas pa-
rameters� Y . The optimal RN �

1 for the �rst term
are then usedto estimate� L jY in the secondterm
p(L N

1 j� L jY ; Y; RN �
1 ).

Given a new subject, � �
Y are used to regis-

ter the subject to the atlas spacevia maximizing



p(YN +1 ; RN +1 j� �
Y ). This canbefollowedby theuse

of � �
L jY for segmentation.

Dependingon therelationshipbetweenthe labelsand
features,� L jY might be complex. In this work, we
will focusonly on theregistrationpart,i.e., ignorethe
designandestimationof � L jY .

In effect, this approachco-registersthe imagesto an
image-matched coordinateframe and learnsthe pa-
rameters� that model the observationsand labelsin
thiscommonspace.

2. Alternatively, we proposeto estimate� L andRN
1 by

optimizing the �rst term p(L N
1 j� L ; RN

1 ) of eq. (7)
with the regularizationp(Rj�) . Like before,this can
be donein a coordinate-ascentmanner. The optimal
RN �

1 for the �rst termarethenusedto estimate� Y jL

in thesecondtermp(Y N
1 j� Y jL ; L N

1 ; RN �
1 ).

Onceagain,� Y jL mightbecomplex dependingon the
relationshipbetweenthe labelsand observations. In
this work, we will ignorethedesignandestimationof
� Y jL .

However, we do needto estimate� Y becausegivena
new subject,we would like to register it to the atlas
spaceby optimizingp(YN +1 ; RN +1 j� �

Y ). � Y canbe
estimatedby optimizingp(Y N

1 j� Y ; RN �
1 ) whereRN �

1
arefoundfrom co-registeringthelabels.

In effect, this methodco-registersthe training images
usingtheir labelsto a label-matchedcoordinateframe,
and learnsthe parameters� that model the observa-
tionsandlabelsin this commonspace.

In summary, thedifferencebetweenthe two modelsis that
themodelparametersarelearnedin differentspaces,asil-
lustratedin Figure2. In particular, in the image-matched
coordinateframe, the observationsof the training set are
matchedand thus have low variance,while in the label-
matched coordinateframe, the observationsmight not be
well-aligned,andwill in generalhaveahighervariance.On
theotherhand,in the label-matchedcoordinateframe,the
labelsarematched,while in theimage-matchedcoordinate
framethis maynotbethecase.

Sincethemodelparameters� Y arelearnedin a partic-
ular commonspace,� �

Y describethestatisticsof observa-
tions in thatcoordinateframe. Thereforegivena new sub-
ject, optimizing p(YN +1 ; RN +1 j� �

Y ), involves�nding the
registrationRN +1 thatwarpsthenew subjectinto thatpar-
ticular commonspacein which � Y were learned. If � Y

were learnedin the label-matchedcoordinateframe, then
thenew imagewould bebroughtinto a spacewherelabels
arewell-aligned.

Moreconcretely, in thelabel-matchedcoordinateframe,
observable featureswith low variancearise when align-

ing the labelsalso align them, suggestingthat theselow-
variancefeaturesare predictive of the labels. A possi-
ble strategy of summarizingthe label-matchedcoordinate
framewith � Y is to weightheimportanceof thefeaturesin-
verselyproportionalto theirvariance.This is accomplished
in section4.

Figure 2. Comparisonof methods: In approach1, imagesare
aligned into the image-matched coordinateframe whereobser-
vationsarematched.In approach2, imagesarealignedinto the
label-matchedcoordinateframewherelabelsarematched.� �

Y de-
scribethestatisticsof observationsin thecoordinateframe.There-
fore, a new imageregisteredusing � �

Y will be broughtinto the
coordinateframein which � Y werelearned.

As previouslydiscussed,approach1 is traditionalin seg-
mentation.Most segmentationproblemsdealwith regions
strongly relatedto the observations. This is supportedby
thefactthatmanualdelineationis usuallyperformedby an
expert,directly on theimagedata.As a result,aligningthe
observablefeatures(e.g.,MR intensity)alsoalignsthehid-
denlabels(e.g.,whiteandgraymatter)andviceversa.Thus
theimage-matchedandlabel-matchedreferenceframesare
similar andin practice,we expectbothmethodsto perform
comparablyin suchproblems.

On the other hand, in applicationswherethe relation-
shipbetweentheobservedfeaturesandunderlyinglabelsis
complex or weak,e.g.,corticalgeometryvs. Brodmannar-
eas(Figure3), thetwo methodswill yield differentresults.
In suchcases,asdemonstratedwith thetoy examplein the
introduction,weexpectapproach2 to yieldbetteralignment
of thehiddenlabels.

4. Experiments

We now demonstratethe utility of our approachon
a data set that containsBrodmannlabels mappedto the
correspondingMRI volume. 10 humanbrainswere ana-
lyzed histologically postmortemusing the techniquesde-
scribedin [17, 23]. Thehistologicalsectionswerealigned
to postmortemMR with nonlinearwarps to build a 3D
histological volume. Thesevolumeswere segmentedto
separatewhite matter from other tissueclasses,and the



Figure 3. Brodmannareas2, 4a, 4p, 6, 44 and 45 on two sub-
jects' in�ated corticalsurfaces.Redandgreenrepresentsulci and
gyri, respectively. Notice thevariability of BA44 andBA45 with
respectto theunderlyingfolding pattern.

segmentationwas used to generatetopologically correct
and geometricallyaccuratesurfacerepresentationsof the
cerebral cortex using a freely available suite of tools
(http://surfer.nmr.mgh.harvard.edu/fswiki) [5]. The8 man-
ually labeledBrodmannareamaps(areas2, 4a,4p, 6, 44,
45, 17 and18) weresampledonto the surfacerepresenta-
tionsof eachhemisphere,anderrorsin this samplingwere
manuallycorrected(e.g. whena labelwaserroneouslyas-
signedto both banksof a sulcus). A morphologicalclose
was thenperformedon eachlabel to remove small holes.
6 of the 8 Brodmannareason the resultingcortical repre-
sentationsfor two subjectsareshown in Figure3. Finally,
theleft andright hemispheresof eachsubjectweremapped
ontoa sphericalcoordinatesystem[8].

4.1. Atlas Computation

We constructthe atlasin the label-matchedcoordinate
frame by co-registering the training imagesto align the
identi�ed Brodmannareas. Following a commonlyused
approachof extendinglocal featuresto image-widedescrip-
tors, we convert eachBrodmannareain eachimageto its
signeddistancerepresentation[13].

ThisyieldsanI -dimensionaldistanceimageD n for each
subjectn, whereI is the total numberof Brodmannareas.
We usethesigneddistanceimageD n asa proxy for align-
ing theBrodmannareas.In our application,thenumberof
availableBroadmanareasis I = 8 andthenumberof sub-
jectsis N = 10.

EachsubjectalsohasaJ -dimensionalobservationimage
Yn . In our application,J = 3, wheretheobservationsare
“sulcaldepth”andthemeancurvatureof thecorticalsurface
beforeandafterpartial in�ation [8]. We notethatthemean
curvatureof the partially in�ated surfaceserve asa large-
scalefeaturefor avoiding localoptima.

To bring the subjectsinto the label-matchedcoordinate
frame,we repeatedlyregistereachof theN distancemaps
f Dn g to thecurrentatlasde�ned by themeanandvariance
of thedistancemaps.In particular, at iterationk, we max-
imize p(L n j� (k � 1) �

Y ; Rk
n ) , p(Dn j� (k � 1) �

Y ; Rk
n ) for each

subjectn.
Assuming independentGaussiansboth spatially and

acrossBrodmannareasfor the I distancemapsthat make

up Dn , we get the equivalent maximization(after taking
log) problem:

arg max
R n

log p(Rn ) �
1
2

IX

i =1

X

~x

(D ni (~x(Rk
n )) � M k � 1

i (~x)) 2

V k � 1
i (~x)

where~x denotesvertex location. D ni denotesthe signed
distanceimageof the i th label in subjectn. M k � 1

i (~x) =
1
N

P
n Dni (~x(R(k � 1) �

n )) is the mean distancemap for
Brodmannarea i after iteration k � 1 and V k � 1

i (~x) =
1
N

P
n (Dni (~x(R(k � 1) �

n )) � M k � 1
i (~x))2 is the varianceof

thedistancemapfor Brodmannareai afteriterationk � 1.
Similar to [7], we de�ne the regularizationp(Rj�) ,

p(R) to be:

logp(R) = logF (R) � S

"
X

u

X

v2 N u

�
dR

uv � d0
uv

d0
uv

� 2
#

(8)

wheredR
uv is the distancebetweenverticesu andv under

registrationR, d0
uv is theoriginal distanceandNu denotes

a neighborhoodof v. Our regularizationpenalizesmetric
distortionweightedby ascalarS which re�ects theamount
of smoothnessof the �nal warp. FunctionF (�) ensuresin-
vertibility and is zero if the warp introducesfolds in the
surfaceandoneotherwise.R is optimizedby warpingeach
vertex individually. In this work, S is setto 1. Exploration
of theparameterS is a topicof futureresearch.

Oncethe co-registrationis completed,we computethe
atlasparameter� �

Y using R�
n . Let Ynj denotethe scalar

imagecorrespondingto the j -th observation in subjectn.
� �

Y consistsof two images:theobservationmeanimage

M A
j (~x) =

1
N

X

n

Ynj (~x(R�
n )) ;

andtheobservationvarianceimage

V A
j (~x) =

1
N

X

n

(Ynj (~x(R�
n )) � M A

j (~x))2:

For the computationof the image-matched coordinate
frameatlas,we repeattheconstructiondiscussedabovebut
replacingthedistancemapD n with Yn . Theconstructionis
thenessentiallythesameasFreeSurfer[7].

4.2. Registration of a NewBrain

Theregistrationsof anunlabeledbrainYN +1 to boththe
image-matchedandlabel-matchedatlasesareperformedby
optimizingp(YN +1 ; RN +1 j� �

Y ). Consistentlywith thepro-
cedureusedfor atlasconstruction,we estimatetheregistra-
tion parametersRN +1 for thenew imageby optimizing

�
1
2

JX

j =1

X

~x

(YN +1 ;j (~x(RN +1 )) � M A
j (~x)) 2

V A
j (~x)

(9)

with thesameregularizationas(8). This assumesa Gaus-
sianmodelwith independenceacrossspaceandtheobserv-
able imagefeatures.A moregeneralmodelcould replace



theindividualvariancesV A
j with acovariancematrix. Note

theroleof thevariancesre�ect theintuition thatin thelabel-
matchedcoordinateframe,low variancefeaturesaremore
predictiveof thelabelsandaregivenmoreweight.

4.3. Results

We quantify the alignmentquality of a corresponding
Brodmannareaof a given pair of registeredlabeledmaps
with themodi�ed Hausdorff distance(MHD). To compute
the asymmetricalMHD H 1! 2 betweena “corresponding
labelof subject1 andsubject2 in subject2'snativespace”,
for eachboundarypointof thelabelin subject1, theshortest
distanceto theboundaryof the label in subject2 is found.
We repeatby computingall shortestdistancesfrom the la-
bel boundaryin subject2 to the label boundaryin subject
1. H1! 2 is thentheaverageof all shortestdistances.The
asymmetryin theabove processcomesfrom thecomputa-
tion of distancesalongthecorticalsurface(nativespace)of
subject2 ratherthansomeaveragesurfacein atlasspace.
This preventsthe possibility of obtainingarti�cially good
resultsbecausethe imagesare squeezedtogetherin atlas
space. Unlike overlapmeasures,suchas the Dice coef�-
cient,MHD providesthemeasurein mm of theuncertainty
of localization,andis invariantto thesizeof anarea.

For ourbenchmark,wecomputean“ image-matched10”
atlas(IM10) from the10ex-vivobrainsusingtheFreeSurfer
algorithm(seesection4.1). Sincethe10 ex-vivobrainsare
alreadyco-registeredto constructthe atlas,the brainsare
alreadyin correspondenceandwe computethe MHD be-
tweenthe Brodmannareasof eachpair of ex-vivo brains
resultingin 90 (insteadof 45 becauseof the asymmetry)
comparisonsperstructure.

Asasecondbenchmark,wecomputean“ image-matched
40” atlas(IM40) from a set of 40 in-vivo brains. In this
case,we registereachof the10 ex-vivobrainsto IM40 via
eq.(9) andcomputetheMHD betweentheBrodmannareas
of eachpair of ex-vivo brainsresultingin 90 comparisons
perstructure.

Finally, we computea leave-one-out“ label-matched9”
atlas(LM9) for eachof the 10 ex-vivo brains,i.e. the 10
brainsminusthetestsubject.Weusetheleave-one-outpro-
ceduresoasto excludetheBrodmannareasof thetestsub-
ject from the atlasconstruction. We thenregister the test
subjectto thecorrespondingLM9 atlasaccordingto equa-
tion (9)andcomputetheMHD betweentheBrodmannareas
of thetestsubjectandthe9 brainsin theatlas.Onceagain,
weget90comparisonsperstructure.

For eachBrodmannarea,we want to test whetherthe
90 MHD measurementsfrom LM 9 arestatisticallysigni�-
cantlysmallerthanthoseof I M 10or I M 40. Yet, thecom-
parisonsarenot independent,nor is therereally a one-to-
onecorrespondencebetweenthemeasurements.We there-
foreperformapermutationtest,wherewepoolall themea-

surementsinto a groupof 180measurements.We thenre-
peatedlysplit the 180 measurementsinto 2 equally sized
groupsandcomputedthedifferencein meansbetweenthe
groups,building anempiricaldistribution of thedifference
in meansunderthenull hypothesis.For eachstructure,we
performamillion randompermutations.Underthenull hy-
pothesisthatthemeansof the2 groupsarethesame,sucha
testis valid despitetheunknown correlations.

Table1 lists theaverageMHD' s for thethreeatlasesand
eightBrodmannareas,alongwith thep-valuesfor LM 9 vs.
I M 10 and LM 9 v. I M 40. We seethat, in general,the
I M 40 atlasyieldsa signi�cantly betteralignmentthanthe
I M 10 atlas. From our experience,this is becauseI M 40
containsmany more subjectsand thus yields better esti-
matesfor the atlasparameters.The label-matched LM 9
atlas,however, achieves the bestalignmentfor all Brod-
mannareas. The alignmenterror is up to 25% lessthan
thatof I M 40 with statisticalsigni�cance(p < 0:01) in 12
out of 16 regions(all, exceptBA44 in the left hemisphere,
BA4p, BA6 andBA44 in the right hemisphere).Figure5
providesamoredetailedcomparisonbetweentheresultsof
thetwo bestatlases:LM 9 andI M 40. Figure4 shows the
Brodmannareaswith statisticallysigni�cant improvement
on thecorticalsurface.

5. Conclusion

In this paper, we argue that the goal shoulddrive the
computationof anatlas.In particular, we investigateanap-
proachthat co-registershiddenlabelsin a trainingdataset
to computea probabilisticatlasbasedon observable fea-
tures. The purposeof the atlasis to localize unobserved
labels in a new dataset. The atlasconstructionprocess
automaticallydiscoversimportantobservablefeaturessince
low-varianceobservablefeaturesaremorepredictiveof the
hiddenlabels. Given a new subject,the registrationalgo-
rithmgivesmoreimportanceto thelow-varianceregionsvia
naturalweightingof thevariance.

We show that a registrationalgorithm that nonlinearly
registersobservablefolding patternsof abrainwith a label-
matchedatlascanachievesurprisinglyhigh accuracy in the
localizationof a setof cytoarchitectonicBrodmannareas.
In particular, alignmenterrorsfor V 1, B A4a, B A4p and
V 2 of bothhemispheresarelessthan3:5mm. Theremain-
ing areasare more variable,but still exhibit signi�cantly
improvedoverallpredictabilityrelativeto themorestandard
12 degreeof freedomvolumetricalignment. In particular,
Broca's area(left hemisphereBA44 andBA45) hasa sur-
prisingly low estimationerrorcomparedwith previouslyre-
portedresults[2]. Theresultswe presentare,to ourknowl-
edge,thebestof their kind andmayhave importantimpli-
cationsin thestudyof therelationshipbetweenthemacro-
anatomicalandcytoarchitectonicorganizationof thebrain.

Futurework involvesthediscovery of moreBrodmann-



Table1. Averagealignmenterrorsin mm for the threeatlases.Bestalignmentfor eachBrodmannareais in bold. The last two rows of
eachtablecontainastatisticalcomparison(permutationtestp-value)betweenthelabel-matchedatlasLM9 andtheimage-matchedatlases
I M 10 andI M 40. Thep-valuesthatdo not reachsigni�canceareshown in italic .

Left Hemisphere
V1 BA4a BA4p BA2 V2 BA6 BA44 BA45

IM10 3.83 4.38 3.77 6.28 4.64 7.01 7.41 6.81
IM40 2.89 3.81 3.60 5.62 4.25 7.06 7.57 6.92
LM9 2.34 2.86 3.00 4.63 3.31 5.87 6.92 4.63

P-values
IM10 v. LM9 10� 6 10� 6 10� 6 10� 6 10� 6 10� 6 1:2 x 10� 1 10� 6

IM40 v. LM9 10� 6 10� 6 3:8x10� 5 3:5x10� 5 10� 6 1:2x10� 4 6:7 x 10� 2 10� 6

RightHemisphere
V1 BA4a BA4p BA2 V2 BA6 BA44 BA45

IM10 3.85 3.76 3.11 5.92 3.97 6.50 11.54 9.88
IM40 2.70 3.58 2.92 5.66 3.58 6.34 10.49 9.20
LM9 2.39 3.07 2.89 4.73 3.05 5.90 9.72 7.40

P-values
IM10 v. LM9 10� 6 10� 6 2:8 x 10� 2 10� 6 10� 6 3:8 x 10� 2 6:6 x 10� 3 3 x 10� 4

IM40 v. LM9 8:7� 4 2:1x10� 4 4:0 x 10� 1 8:6x10� 5 10� 6 8:9 x 10� 2 1:3 x 10� 1 4:2� 3

predictive macro-anatomicalfeaturesand the understand-
ing from a neuro-scienti�cperspective why somefolds are
morepredictivethanothersof Brodmannarealocation.

Left Lateral Left Medial

Right Lateral Right Medial

Figure4. Mapsof p-valuesof thedifferencein alignmentquality
betweenthe label-matched atlasLM 9 and image-matched atlas
I M 40. The p-valuesareplottedin minuslog-scaleso that large
valuescorrespondto beingmoresigni�cant. Only statisticallysig-
ni�cant regionsareshown in color.
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