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Abstract

Quantitative measurementof changein brainsizeandshape(for example,in order
to estimateatrophy)is an importantcurrentareaof research.New methodsof
changeanalysisattemptto improve robustness,accuracy andextentof automation.
A fully automatedmethodis presentedhere,which is accurate(around0.2%brain
volumechangeerror)andachieveshigh robustness(no failuresin severalhundred
analysesover a rangeof differentdatasets).

Keywords: Atrophy measurement,normalisedregistration

1 Introduction

Variousmethodshave beenproposedandimplementedfor cross-sectional(single
timepoint)or longitudinal(multiple timepoints)analysisof brainatrophyor more
generalchangesin brainsizeandshapeusingmagneticresonanceimaging(MRI).
A majorpotentialapplicationof atrophymeasurementsis asasurrogatemarker for
theprogressionof neuro-degenerative diseasessuchasAlzheimer’s disease,or of
diseaseswith secondaryneuronalor axonalinjury, suchasmultiple sclerosis.

Cross-sectionalmethods(e.g.,[1]) work by measuringbrain tissuevolume- nor-
mally whiteplusgrey matter- andcomparingthisagainstanormalisationvolume-
normallyeitherbraintissuepluscerebrospinalfluid (CSF)volume,or intra-cranial
volume.Longitudinalmethods(e.g.,[2, 7]) typically register(align)two scanssep-
aratedin time andfind areasof change.In general,cross-sectionalanalysistends
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to incurhighermeasurementerrorthanlongitudinalanalysis(relatedmainly to the
practicaldifferencebetweenindirect - cross-sectional- anddirect - longitudinal
- measurementof change).Additionally, mostdatasetsdo containmultiple time
point measurements.

This paperpresentsa completelyautomatedlongitudinal measurementmethod
namedSIENA (StructuralImageEvaluation,using Normalisation,of Atrophy).
It performssegmentationof brainfrom non-braintissuein thehead,estimatesthe
outerskull surface,andusestheseresultsto registerthetwo scans,while correcting
(normalising)for imaginggeometrychanges.Thentheregisteredsegmentedbrain
imagesareusedto find local atrophy, measuredon thebasisof themovementof
imageedges,foundto sub-pixel accuracy.

SIENA overcomessomeimportantlimitationsof currentmethods.First,all stages
arefully automated.Second,it is robust,allowing analysisof lessthanidealMR
images.Third, it canbe appliedto dataacquiredwith differentpulsesequences.
The methodappearsto be relatively insensitive to slice thickness.The accuracy
in themeasurementof brainvolumechange(BVC) hasbeenshown to bearound
0.2%BVCwith reasonablequalityMR images.

2 Method

2.1 Brain Extraction

The first processingstageis the extraction of the brain from eachof the input
images,that is, thesegmentationof brainfrom non-braintissue.Themethodused
is known asBET - Brain ExtractionTool. BET usesa tessellatedmeshto model
the surface; this model is allowed to deformaccordingto variousdynamiclocal
controllingtermsuntil it optimallyfits thebrainsurface[14]. Resultsareextremely
good,even aroundthe eyes,oneof the mostdifficult areasto segmentfrom the
brain.

BET provides a binary brain mask, the segmentedbrain imageand an external
skull surfaceimageasoutput. For an examplebrain surface,seeFigure1. The
cerebellumis includedin the segmentedbrain, as is the upperpart of the brain
stem- thestemis automaticallycut accordingto a surfaceinterpolatedsagittally
acrosstheventralcerebellum,ponsandtemporallobes.
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Figure1: Examplebrainsurfacefoundby BET.

2.2 Skull Extraction

Measurementof changesin brainsizeindependentof thatof theskull (which is of
fixed sizein the adult) benefitsfrom the estimationof the skull asa normalising
factorin bothcross-sectionalandlongitudinalmeasurements.The importanceof
this in thelattercasewill now beexplainedin moredetail.

Beforebrainchangecanbemeasured,thetwo imagesof thebrainhave to bereg-
istered(aligned). Clearly this registrationcannotallow rescaling,otherwisethe
overall atrophywill beunderestimated.However, becauseof possiblechangesin
imaginggeometryovertime(dueto gradientcalibrationdrift, localfield distortions
or varyingheadplacementin thescanner),it is necessaryto holdthescaleconstant
(seealso[5] for previouswork on this problem;notethatsomelongitudinalmeth-
odshave failedto take accountof thisproblem,althoughmethodsbasedprimarily
on cross-sectionalmeasurementstendto normaliseagainstit). With the method
describedhere,this canbe achieved by usingtheexterior skull surface,which is
assumedto beconstantin sizeandshape,asascalingconstraintin theregistration.

In most MR images,the skull appearsvery dark. In T1-weightedimages,the
internal surfaceof the skull is largely indistinguishablefrom the CSF, which is
alsodark. Thusthe exterior surfaceis searchedfor. This alsocanbe difficult to
identify, evenfor humanexperts,but is themostrealisticsurfaceto aimto find. The
exterior skull surfaceis foundautomaticallyasthefinal stageof brainextraction,
usingBET. Startingwith theestimatedbrainsurface,eachsurfacepoint is takenas
thestartof asearchoutwardsfor theoptimalskull position.Themostdistant(from
thebrain)pointof low intensity(beforethebrightscalp)is found,andthefirst peak
in gradientoutsideof this is thendefined,astheexactpositionof theexteriorof the
skull surface.This methodis quitesuccessful,evenin regionsof overlying (dark)
muscleor wherethereis significant(bright) marrow within thebone.

Thusa skull imageis generatedfor eachinput image,to be usedin registration.
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For example,seeFigure2. Herethe estimateof the skull is poor at the very top

Figure2: Exampleexterior skull surfacefoundby BET.

of thehead,asintensityinhomogeneitycausestheentiresignalto fadehere.This
is fairly typical, andthis amountof “missingskull” is not in generala problemin
termsof thequality of following registration.

2.3 Registration

As alreadystated,beforethe differencesbetweentwo imagescanbe found, the
brainsin thetwo imagesmustbealigned,usinga registrationprocedure.Thereg-
istrationcarriedout usesa robust andaccurateautomatedlinear registrationtool,
FLIRT (FMRIB’s Linear ImageRegistrationTool) [9]. This usesthe correlation
ratio costfunction[12] andmulti-scalesearchfollowedby minimisation.

The useof FLIRT in this applicationis morecomplex than in the more normal
caseof registrationof two single images. Instead,we areattemptingto register
two brains,whilst usingthe two skull imagesto constrainthescaleandskew. In
thefirst stage,thesecondbrain is registeredto thefirst, with a full affine (linear)
transformation.Thustranslation,rotation,scalingandskew areall allowedto vary
(12 parameters).The brain imagesareusedin this first stepin preferenceto the
heador theskull images;theheadimagecontainsa lot of highly variablecompo-
nentswhichdetractfrom theregistration,suchasdifferentearor scalpappearance,
whilst the skull imagesarefar lessrich thanthe brain images,andwould there-
fore resultin reducedregistrationrobustness.Theresultingtransformationis then
appliedto thesecondskull image.

The transformedsecondskull imageis thenregisteredto thefirst skull image,al-
lowing only the scalingandskew to vary. This forcesthescalingandskew con-
strainton the whole procedure,correctingfor changesin imagegeometry. The
resultingtransformis appliedto theregisteredsecondbrain,thusapplyingthecon-
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straintto thebrainimages.

Next, the resultingsecondbrain imageis re-registeredto thefirst brain,allowing
only translationandrotationto vary, in orderto optimisethefinal registrationbe-
tweenthem,thescalingandskew constraintnow having beenapplied.

Onecouldstophereandapplychangeanalysisto theregisteredsecondbrainand
the original first brain. However, this is not optimal, as the secondbrain image
hasbeenthrougha processingstepthat the first brain imagehasnot, namelya
spatialtransformation(involving interpolationof its values). (Note, this is only
one transformation,not three,as the threeregistrations’ transformationscan be
mathematicallycombinedinto onebeforebeingappliedto theinitial secondbrain
image.)Theimageswill thereforelook slightly different;the transformedsecond
brainimagewill beslightly moreblurredthanthefirst brainimage.

To ensurethat the imagesbeingcomparedundergo equivalent processingsteps,
bothinput imagesaretransformedto apositionwhich is halfway betweenthetwo.
In this way bothimagesaresubjectedto ansimilar degreeof interpolation-related
blurring. Thusthe total transformationthat took the initial secondbrain imageto
its final positionis decomposedinto two. Firstly, the “squareroot” of thematrix
is found, that takes the initial secondbrain imagehalfway to its final position.
(In fact, not all affine transformationshave exact matrix squarerootswhich are
alsoaffine transformations,so thetransformationis actuallydecomposedinto the
affine components- translation,rotation,scaleandskew - andeachcomponent’s
effect is halved.Thecomponentsarethenreformedinto anaffinematrix,which is
closeto thesquarerootof theoriginal matrix,but is guaranteedto beaffine.) This
matrix then takes the initial secondbrain imagehalfway towardsthe first brain
image. Now the transformationis found which takes the first brain imagealso
to themidway point. Becausethe“squareroot” matrix alreadyfoundmaynot be
exact,it is notcorrectto simply invert this- theimageswouldnot thenbein perfect
registration. Instead,the inverseof the completeregistrationis multiplied by the
“squareroot” matrix to give theexact transformationthatwill take thefirst brain
imageto themidway position.

Theresultof all of theabove calculations,therefore,is two lineartransformations.
Oneis to beappliedto thefirst input imageandtheotheris appliedto thesecond.
The typical quality of this brain registrationis illustratedin Figure3, an exam-
ple subtractionof a registeredpair of headimages,which shows only appreciable
motionoutsideof thebrain.

All of thebrainandskull imagesarenow discarded;only theoriginalunsegmented
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Figure3: Examplesubtractionof a registeredpair of headimagesshowing only
appreciablemotionoutsideof thebrain.

imagesandthe brain maskimagesarekept. The transformationsareappliedto
theseimagesso that two registeredheadimagesand two registeredbrain mask
imagesresult.Thesefour imagesarepassedon to thenext stage.

2.4 Masking

Theregisteredbinarybrainmasksarenow combinedinto asinglemaskwhichwill
beappliedto the registeredheadimagesto producetwo new registeredbrain im-
ages.Thereasonfor this (ratherthankeepingtheoriginal registeredbrainimages)
is thatevenslight differencesin theoriginal brainsegmentations(i.e., theproduc-
tion of thebrain masks)would causethe artefactualappearanceof brain change.
Thusthe two masksare“binary ORed” - i.e., if either is 1 at a particularvoxel,
theoutputis 1. (They cannotbe“ANDed” asthebrainfrom thesecondtime point
would causeincorrectlyreducedmaskingof thefirst time point imagein thecase
of atrophy.)

Theresultingcombinedmaskis thenappliedto theregisteredheadimagesto pro-
duceto registeredbrainimages.Thesetwo imagesarepassedto thefinal stagefor
theanalysisof change.
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2.5 Change Analysis

Thefinal stagein theanalysisis thechangeestimationitself. Thereis greatvariety
in how this is achieved amongstpublishedmethods.Someresearchers(e.g., [8,
7, 10]) usenormalizedsubtractionof the images,assumingthat resultingareas
of significantdeviation from zerocorrespondto areasof interestingbrainchange.
This relieson theassumptionthat the imageswill appearexactly thesame(apart
from valid change);variousproceduressuchashistogram-matchingandrelative
bias field correctionhave beensuggested[10], in order to attemptto make the
imageslook assimilar aspossible.Otherslook moredirectly for changesaround
tissueboundaries.For example,[3, 2, 5, 4] usethe “boundaryshift integral” (the
areaunderthe intensityprofile acrossa boundaryin image1 is subtractedfrom
that for image2, andnormalisedby theboundaryheight,resultingin anaccurate
measureof lateralmotion),which givesthemotionof eachedge,even if blurred,
but only if imagecontrastsin generalarewell matchedbetweenscans.Methods
thatareprincipally cross-sectionalin nature,suchasthatof Fisher[1, 13], Ge[6]
andReddick[11] avoid theneedto addresstheissueof changeanalysis.

The systempresentedherefinds all brain surfaceedgepoints(including internal
brain-CSFedgepoints)to sub-voxel accuracy in bothimagesandestimatestheap-
parentmotionof eachbrainedgepointperpendicularto thelocaledge.By finding
edgepointsthe methodis relatively insensitive to changesin intensityof tissues
from onescanto thenext - boundariesarefairly objective, even if generaltissue
intensitieschange.Thusthis methodrequiresno (intensity)normalisationof the
images,and is not sensitive to problemsarising from intensity inhomogeneities
acrosstheimages.

Edgepointsarefoundusinga simplegradient-basededgedetector. At eachvoxel
the intensitygradientin � , � and � is found, andthe sum-of-squaresgradientis
takenasthetotal edgestrength.Next, at eachvoxel whoseedgestrengthexceeds
a threshold(automaticallyseton thebasisof imagecontrastsmeasuredandoutput
by BET), thedirectionof maximumabsolutegradientstrengthis found. The two
immediateneighboursin this directionarechecked to seeif their edgestrength
valueis higher. If eitheris, thenthecurrentvoxel is discarded.This stepis known
asnon-maximumsuppression.Theresultingsetof voxelsareassumedto bebrain
surfacepoints. The positionof the surfacewithin thesevoxels is measured,i.e.,
the edgeis found to sub-voxel accuracy. This is achieved by fitting a quadratic
throughthe edgestrengthvaluesof the edgevoxel andits two neighboursin the
directionperpendicularto the edge;the peakof the quadraticis assumedto be a
betterestimateof thepositionof theedgethanthecentreof theedgevoxel.
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Edgedetectionis carriedoutonbothregisteredbrainimages.Now, for everyedge
point in image1, voxels alonga line perpendicularto the edgeat that point are
searchedin image2, in an attemptto find the closestmatchingedgepoint. Both
edgepointsmusthave intensitygradientsin the samedirectionto be allowed to
match. Oncean edgepoint matchis found, thesubvoxel positionsaretaken into
account,resultingin a singlenumberwhich describeshow far andin which direc-
tion theedgepoint from image1 hasmoved.Then,accordingto thepositionin the
imageandthecombinationof thegradientdirectionandtheedgepoint movement
direction,themovementis markedaspositive (“growth”) or negative (“atrophy”)
in a new image,at thepositionof theedgepoint in image1. This new imagecon-
tainsmostlyzeros,exceptat thebrainedgepoints,whereit containssmallpositive
or negativevaluesencodingwhetherthebrainsurfaceateachedgepointhasgrown
or shrunkbetweenthefirst andsecondscans,(for example,seeFigure4).

Figure 4: Example slice showing edge motion estimation (atrophy is dark,
“growth” is light), overlaidonoriginal image.

Brain atrophyis conventientlyquantifiedby a singlenumbersuchasthepercent-
agevolumechange(%BVC). Theinitial valueobtainedfrom thechangeimageis
thesumof all edgepoint motions(linearvoxel units),which, whenmultiplied by
voxel volume,givesthe total BVC. This is onepossiblemeasure,aswould be a
%BVC deriveddirectly from this. However, a moreinvariantmeasureis obtained
by dividing thisvolumeby thenumberof edgepointsfoundtimesthevoxel “area”.
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(Note,thefinal stagesof SIENA arealwayscarriedoutwith cubicvoxels,sothere
is no ambiguity in the definition of areahere.) This measureis then the mean
perpendicularbrainsurfacemotion. Thereasonwhy this is preferableto thetotal
volumechangeis that it is not (to first order)dependenton the numberof edge
pointsfound.As thenumberof edgepointsdependson slicethickness(seebelow
- typically by a factorof two between1mm slicesand6mm) and(to a lesserex-
tent)otherscanningdetails,it is agoodideato normalizefor thenumberof points
found.Finally, if it is requiredto convert themeansurfacemotionto a%BVC, the
ratio of thebrainvolumeto thebrainsurfaceareaneedsto beestimated.

In this formulation: � ��� 	�

��
 � (1)

where

�
is themeansurfacemotion,

	�

is theedgemotion(voxels)summedover

all edgepoints, � is voxel volume, 
 is thenumberof detectededgepointsand �
is voxel cross-sectionalarea.Thus,

% brainvolumechange�������
���
� �������

��� �
� � �����

���
� (2)

where

�
is thebrainsurfacearea(actual,i.e.,not ��
 ),

�
is theactualbrainvolume,�

is theratioof actualareato volume.

It is possibleto find

�
directly for any given imagewithout knowing

�
or
�

; if a
singleimageis scaledby a known amountandthencomparedwith the unscaled
versionusing the above changeanalysis,the correct%BVC is known from the
scalingthat was applied,and the measurementof

�
then allows

�
to be found.

It variesacrossscanners,slice thicknessesandpulsesequence,but normally lies
between0.1 and0.2mm� � . Applying this method(referredto asself-calibration)
ensuresthatthereis no bias(systematicerror)in thereportedestimatesof %BVC.

Thecompletemethodis summarisedin Figure5.

3 Validation / Results

3.1 Investigation of Accuracy as a Function of Slice Thickness

To testtheaccuracy of SIENA, 16normalvolunteerswerescannedin two separate
sessionseach.Eachsessionconsistedof 8 scans,at a rangeof slice thicknesses,
to enablethedependenceon slicethicknessof theaccuracy to bedetermined.The
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Figure5: Overview of SIENA.
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subjects’agesrangedfrom 26 to 44; half werefemale.Thescannerwasa Philips
NT 1.5ToperatingattheNMR Centerof theUniversityof Siena.Scans1 to 6 were
1mm to 6mm slice thickness,T1-weightedaxial 2D fast field echo,TE=11ms,
TR=35ms,flip=40� , NAqc=1. The 1mm scanlasted18 minutes,andeachsuc-
cessive scantook lesstime, with the 6mm scanlasting3 minutes. Scan7 wasa
3mmslicethicknessaxialvolumetricfastfield echo,TE=3ms,TR=20ms,flip=30� ,
NAqc=1, andlasted4 minutes.Scan8 wasthesameasscan7, but with coronal
slices,lasting4 minutes.For all scansthe in-slice resolutionwas1mm by 1mm,
andenoughslicesweretakento includethetop of thescalpandthebottomof the
cerebellum.The inter-sessioninterval wasmostlybetween1 and7 days. Half of
thesubjectswerescannedwith theslicethicknessrangeorderreversed,to control
for ordereffects.

The resulting128 pairsof imageswereprocessedwith the fully automatedsys-
tem, with no manualintervention. On average,eachimagepair took just under
an hour to processon a state-of-the-artsingleprocessorPC runningLinux. The
registrationresultsandBET segmentationwerechecked manually- no obviously
incorrectsegmentationswerefoundfor any of the256imagesandnoobviously in-
correctregistrationswerefoundin any of the128pairs.Self-calibrationwasused
as describedabove to ensurethat the %BVC estimatescontainedno systematic
error.

Themainresultsfrom theabove experimentareshown in Figure6. The%BVC is
shown asafunctionof scannumberfor all 16subjects.All resultsshouldideallybe
zero,asthesubjectsshouldnotbeshowing any atrophy. Therearetwo clearresults
from thisfigure.Firstly, thereis no clearslice-dependenceto theerrors.Secondly,
theerrorsizeis small- themedianabsoluteerrorover all resultsis 0.2%.Thefact
that1mmslicesdo not generatesignificantlybetterresultsthanthicker slicesmay
at first seemsurprising. However, onepossiblereasonfor this result is that the
lower resolutionscansaretakenmorequickly andthereforeprobablycontainless
imagedistortiondueto subjectmotion during thescan.Therewasno significant
differencebetweenmaleandfemalesubjects,andeachsubjectin generaldid not
show a meanerror that was significantly different to zero, i.e., the error across
slicesthicknessesfor eachsubjectvariedaroundzero.

Thecontributionof theskull-basedstepin theregistrationwasinvestigatedwith the
samedataset.Theresultsof thethree-stageregistration(beforedecompositioninto
two halfway transforms)werecomparedwith a “control” registration,consisting
of just stageoneof thecompleteregistration,i.e., a simplefull linear transforma-
tion from brain image2 to brain image1. This canbe thoughtof in the context
of this dataasa reasonablecontrol,aswe know that thesubjects’brainswill not
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have changedbetweenscans,and the scanneritself is unlikely to have changed
in characterisationeither. Thus we attribute any differencebetweensimple lin-
eartransformationandthethree-stageskull-basedregistrationto errorin thelatter.
Thiserrorwill bedueto errorsin skull surfaceestimationin eachimage,anderror
in theskull surfaceregistrationstage.Resultsareshown in Figures7 and8. The
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Figure7: Scalingerrorvs differentslicethicknesses.

medianabsolutevaluesfor scalingandskew (errors)are0.0009and0.0010respec-
tively. Combiningacrossscalingandskew andacross� , � and � givesa %BVC
error nearlyaslarge asthe completeerror result,suggestingthat the registration
steponaveragemaycontributefairly highly to overallatrophymeasurementerror.
However, this stepis importantto include,giventhecommonproblemof imaging
geometrydrift.

As a further testof the SIENA method,oneof the subject’s datasetswastested
acrossslice thicknesses- eachimagefrom time point 1 was testedagainsteach
imagewith a different slice thicknessfrom time point 2. The medianabsolute
error wasonly 0.42%,despitethe substantialdifferencesbetweenthe imagesin
eachpairing.

Thefinal outcomeof theseinvestigations,therefore,is that theerror in measuring
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%BVC betweenimagesacquiredusing the samepulsesequenceis around0.2.
This valueis not stronglyslice-thicknessdependent.

3.2 Validation Using Patient Data from Three Time Points

Furtherinvestigationswerecarriedout with datasetsof three-time-pointscansof
patients.A sensitive methodof erroranalysis[2] canbecarriedout on suchdata;
theatrophymeasurefromt0 to t1 isaddedto themeasurefromt1 to t2,andthissum
comparedwith thedirectmeasurefrom t0 to t2. This will show up mostsources
of error in theatrophyestimationprodecureandis thereforea usefulvalidationof
themethod.Sourcesof errornot coveredarethosewhichaffect bothhalvesof the
comparisonequally;for example,if ascalingerrorwascausedby inaccurateskull
estimationat onetimepoint,andaffectedthet0 to t1 atrophymeasurein thesame
waythatit affectedthet0 to t2 measure,thiswouldnotshow in thethree-time-point
analysis.

MR imagesof brainsof 39 multiple sclerosispatients(courtesyof ValerieSteven-
sonandDavid Miller at theInstituteof Neurology, London)wereanalysed.Each
patientwasscannedthreetimes,with T1-weightedimages,andslice thicknessof
3mm. The resultsof atrophyanalysisareshown in Figure9. The pointsshould
ideally lie on the � � � line. Theerrorbarsshow � 0.2%,andareclearlysufficient
to explain deviation from theline, demonstratingthat theprecisionof themethod
asappliedto patientdatasetsis comparableto thatwith normalcontrols,despite
differencesin thepulsesequencefor dataacquisition.

4 Conclusions

A fully automatedmethodis presentedhere,which is accurate(around0.2%brain
volumechangeerror)andachieveshigh robustness.Themethodis robustto many
of theproblemstypical of generalmorphometricanalysis,andexplicitly corrects
for mostof theremainingproblems.A wide rangeof datatypeshasbeenusedto
verify therobustnessandaccuracy of themethod.
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