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Abstract

Quantitatve measuremertf changdn brainsizeandshapgfor example,in order
to estimateatrophy)is an importantcurrentareaof research. New methodsof

changeanalysisattemptto improve robustnessaccurag andextentof automation.
A fully automatednethodis presentedhere whichis accuratgaround0.2%brain

volumechangeerror) andachiereshigh robustnesgno failuresin severalhundred
analyse®ver arangeof differentdatasets).
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1 Introduction

Variousmethodshave beenproposedcandimplementedor cross-sectionglsingle
time point) or longitudinal(multiple time points)analysisof brainatrophyor more
generakchangesn brainsizeandshapeusingmagnetiaesonancémaging(MRI).
A majorpotentialapplicationof atrophymeasuremenis asa surrogatenarker for
the progressiorof neuro-dgeneraire diseasesuchasAlzheimers diseaseor of
diseasesvith secondarneuronalr axonalinjury, suchasmultiple sclerosis.

Cross-sectionainethodge.g.,[1]) work by measuringoraintissuevolume- nor-
mally white plusgrey matter- andcomparinghis againse.normalisatiorvolume-
normallyeitherbraintissuepluscerebrospindluid (CSF)volume,or intra-cranial
volume.Longitudinalmethodge.g.,[2, 7]) typically register(align) two scansep-
aratedin time andfind areasof change.In general cross-sectionanalysistends



to incur highermeasuremergrrorthanlongitudinalanalysigrelatedmainly to the
practicaldifferencebetweenindirect - cross-sectional anddirect - longitudinal
- measuremendf change).Additionally, mostdatasetsdo containmultiple time
pointmeasurements.

This paperpresentsa completelyautomatedongitudinal measuremeninethod
namedSIENA (Structurallmage Evaluation, using Normalisation,of Atrophy).
It performssegmentationof brainfrom non-braintissuein the head estimateghe
outerskull surface,andusesheseresultsto registerthetwo scanswhile correcting
(normalising)for imaginggeometrychangesThentheregisteredsegmentedorain
imagesare usedto find local atrophy measuredn the basisof the movementof
imageedgesfoundto sub-piel accurag.

SIENA overcomessomeimportantlimitations of currentmethodsFirst, all stages
arefully automated.Secondit is robust, allowing analysisof lessthanideal MR
images. Third, it canbe appliedto dataacquiredwith differentpulsesequences.
The methodappeargo be relatively insensitve to slice thickness. The accurag
in the measuremeraf brain volumechange(BVC) hasbeenshavn to be around
0.2%BVCwith reasonablguality MR images.

2 Method

2.1 Brain Extraction

The first processingstageis the extraction of the brain from eachof the input
imagesthatis, the sgmentatiorof brainfrom non-braintissue.The methodused
is knovn asBET - Brain ExtractionTool. BET usesa tessellatedneshto model
the surface; this modelis allowed to deformaccordingto variousdynamiclocal
controllingtermsuntil it optimallyfits thebrainsurface[14]. Resultsareextremely
good, even aroundthe eyes, one of the mostdifficult areasto segmentfrom the
brain.

BET provides a binary brain mask, the sggmentedbrain image and an external
skull surfaceimageas output. For an examplebrain surface,seeFigurel. The
cerebellumis includedin the sggmentedbrain, asis the upperpart of the brain
stem- the stemis automaticallycut accordingto a surfaceinterpolatedsagittally
acrosgheventralcerebellumponsandtemporallobes.



Figurel: Examplebrainsurfacefoundby BET.

2.2  Skull Extraction

Measuremendf changesn brainsizeindependentf thatof theskull (which s of
fixed sizein the adult) benefitsfrom the estimationof the skull asa normalising
factorin both cross-sectionaindlongitudinalmeasurementsThe importanceof
thisin thelattercasewill now beexplainedin moredetail.

Beforebrainchangecanbe measuredthe two imagesof the brain have to bereg-
istered(aligned). Clearly this registrationcannotallow rescaling,otherwisethe
overall atrophywill be underestimatedHowever, becausef possiblechangesn
imaginggeometryovertime (dueto gradientcalibrationdrift, localfield distortions
or varyingheadplacemenin thescanner)it is necessaryo hold thescaleconstant
(seealso[5] for previouswork on this problem;notethatsomelongitudinalmeth-
odshave failedto take accountof this problem,althoughmethodshasedprimarily
on cross-sectionameasurementtendto normaliseagainstit). With the method
describedhere,this canbe achiezed by usingthe exterior skull surface,which is
assumedo be constanin sizeandshapegasascalingconstrainin theregistration.

In most MR images,the skull appearsvery dark. In T1-weightedimages,the
internal surface of the skull is largely indistinguishablefrom the CSFE which is
alsodark. Thusthe exterior surfaceis searchedor. This alsocanbe difficult to
identify, evenfor humanexperts,butis themostrealisticsurfaceto aimto find. The
exterior skull surfaceis found automaticallyasthe final stageof brain extraction,
usingBET. Startingwith theestimatedrainsurface,eachsurfacepointis takenas
thestartof asearchoutwardsfor the optimalskull position. Themostdistant(from
thebrain)pointof low intensity(beforethebrightscalp)is found,andthefirst peak
in gradientoutsideof thisis thendefined astheexactpositionof theexterior of the
skull surface. This methodis quite successfulevenin regionsof overlying (dark)
muscleor wherethereis significant(bright) marrov within thebone.

Thusa skull imageis generatedor eachinput image,to be usedin registration.



For example,seeFigure 2. Herethe estimateof the skull is poor at the very top

Figure2: Exampleexterior skull surfacefoundby BET.

of the head asintensityinhomogeneitycauseghe entiresignalto fadehere. This
is fairly typical, andthis amountof “missing skull” is notin generala problemin
termsof the quality of following registration.

2.3 Registration

As alreadystated,beforethe differencesbetweentwo imagescan be found, the
brainsin the two imagesmustbe aligned,usinga registrationprocedure Thereg-

istration carriedout usesa robust andaccurateautomatedinear registrationtool,

FLIRT (FMRIB’s Linear ImageRegistrationTool) [9]. This usesthe correlation
ratio costfunction[12] andmulti-scalesearchollowed by minimisation.

The useof FLIRT in this applicationis more comple thanin the more normal
caseof registrationof two singleimages. Instead,we are attemptingto register
two brains,whilst usingthe two skull imagesto constrainthe scaleandskew. In
thefirst stage the secondbrainis registeredto the first, with a full affine (linear)
transformationThustranslationyotation,scalingandskew areall allowedto vary
(12 parameters).The brainimagesare usedin this first stepin preferenceo the
heador the skull images;the headimagecontainsalot of highly variablecompo-
nentswhich detractfrom theregistration,suchasdifferentearor scalpappearance,
whilst the skull imagesarefar lessrich thanthe brainimages,andwould there-
fore resultin reducedegistrationrobustnessTheresultingtransformatioris then
appliedto thesecondskull image.

Thetransformedsecondskull imageis thenregisteredto thefirst skull image,al-
lowing only the scalingandskew to vary. This forcesthe scalingandskew con-
strainton the whole procedure correctingfor changesn imagegeometry The
resultingtransformis appliedto theregisteredsecondorain, thusapplyingthe con-



straintto the brainimages.

Next, the resultingsecondbrainimageis re-ragisteredto the first brain, allowing
only translationandrotationto vary, in orderto optimisethefinal registrationbe-
tweenthem,the scalingandskew constraininow having beenapplied.

Onecould stophereandapply changeanalysisto theregisteredsecondorainand
the original first brain. However, this is not optimal, asthe secondbrainimage
hasbeenthrougha processingstepthat the first brain imagehasnot, namelya

spatialtransformation(involving interpolationof its values). (Note, this is only

one transformationnot three, as the threeregistrations’ transformationsan be

mathematicall)combinedinto onebeforebeingappliedto theinitial seconcdbrain

image.) Theimageswill thereforelook slightly different; the transformedsecond
brainimagewill beslightly moreblurredthanthefirst brainimage.

To ensurethat the imagesbeing comparedundego equialent processingsteps,
bothinputimagesaretransformedo a positionwhich is halfway betweerthetwo.

In this way bothimagesaresubjectedo ansimilar degreeof interpolation-relate

blurring. Thusthe total transformatiorthattook the initial secondbrainimageto

its final positionis decomposedhto two. Firstly, the “squareroot” of the matrix

is found, that takes the initial secondbrain image halfway to its final position.
(In fact, not all affine transformationdave exact matrix squareroots which are
alsoaffine transformationssothe transformatioris actuallydecomposeihto the

affine components translation rotation, scaleand skew - andeachcomponens

effectis halved. Thecomponentsrethenreformedinto anaffine matrix, whichis

closeto the squareroot of the original matrix, but is guaranteedo beaffine.) This

matrix then takes the initial secondbrain image halfway towardsthe first brain

image. Now the transformationis found which takes the first brain imagealso
to the midway point. Becausehe “squareroot” matrix alreadyfound may not be

exact, it is notcorrectto simply invertthis - theimagesvould notthenbein perfect
registration. Instead the inverseof the completeregistrationis multiplied by the

“squareroot” matrix to give the exacttransformatiorthatwill take thefirst brain

imageto the midway position.

Theresultof all of theabove calculationsthereforejs two lineartransformations.
Oneis to be appliedto thefirst inputimageandthe otheris appliedto the second.
The typical quality of this brain registrationis illustratedin Figure 3, an exam-
ple subtractiorof a registeredpair of headimageswhich shavs only appreciable
motion outsideof the brain.

All of thebrainandskull imagesarenow discardedpnly theoriginalunsgmented



Figure 3: Examplesubtractionof a registeredpair of headimagesshaving only
appreciablanotionoutsideof the brain.

imagesandthe brain maskimagesare kept. The transformationsare appliedto
theseimagesso that two registeredheadimagesand two registeredbrain mask
imagesresult. Thesefour imagesarepassean to thenext stage.

24 Masking

Theregisteredbinarybrainmasksarenow combinednto a singlemaskwhich will
be appliedto the registeredheadimagesto producetwo new registeredbrainim-
ages.Thereasorfor this (ratherthankeepingthe original registerecbrainimages)
is thatevenslight differencesn the original brain sgmentationgi.e., the produc-
tion of the brain masks)would causethe artefictualappearancef brain change.
Thusthe two masksare “binary ORed” - i.e., if eitheris 1 at a particularvoxel,
theoutputis 1. (They cannotbe “ANDed” asthe brainfrom the secondime point
would causeincorrectlyreducedmaskingof thefirst time pointimagein the case
of atrophy)

Theresultingcombinedmaskis thenappliedto theregisteredheadimagesto pro-
duceto registeredbrainimages.Thesetwo imagesarepassedo thefinal stagefor
theanalysisof change.



25 ChangeAnalysis

Thefinal stagein theanalysids the changesstimationitself. Thereis greatvariety
in how this is achiered amongstpublishedmethods. Someresearcherge.g.,[8,
7, 10)) usenormalizedsubtractionof the images,assumingthat resultingareas
of significantdeviation from zerocorrespondo areasof interestingbrain change.
This relieson the assumptiorthat theimageswill appearexactly the same(apart
from valid change);variousproceduresuchas histogram-matchingndrelatve
bias field correctionhave beensuggested10], in orderto attemptto make the
imageslook assimilar aspossible.Otherslook moredirectly for changesround
tissueboundaries For example,[3, 2, 5, 4] usethe “boundaryshift integral” (the
areaunderthe intensity profile acrossa boundaryin imagel is subtractedrom
thatfor image2, andnormalisedby the boundaryheight, resultingin anaccurate
measureof lateralmotion), which givesthe motion of eachedge,evenif blurred,
but only if imagecontrastdn generalarewell matchedbetweenscans.Methods
thatareprincipally cross-sectionah nature,suchasthatof Fisher[1, 13], Ge[6]
andReddick[11] avoid the needto addressheissueof changeanalysis.

The systempresentecherefinds all brain surface edgepoints (including internal
brain-CSFedgepoints)to sub-voxel accurag in bothimagesandestimatesheap-
parentmotionof eachbrainedgepoint perpendiculato thelocal edge.By finding
edgepointsthe methodis relatively insensitve to changesn intensity of tissues
from onescanto the next - boundariesarefairly objective, evenif generaltissue
intensitieschange. Thusthis methodrequiresno (intensity) normalisationof the
images,andis not sensitve to problemsarising from intensity inhomogeneities
acrosgheimages.

Edgepointsarefound usinga simplegradient-baseddgedetector At eachvoxel

the intensity gradientin z, y and z is found, and the sum-of-squaregradientis

taken asthe total edgestrength.Next, at eachvoxel whoseedgestrengthexceeds
athresholdlautomaticallyseton the basisof imagecontrastaneasuredndoutput
by BET), the directionof maximumabsolutegradientstrengthis found. The two

immediateneighboursn this directionare checled to seeif their edgestrength
valueis higher If eitheris, thenthe currentvoxel is discardedThis stepis known

asnon-maximumnsuppressionTheresultingsetof voxels areassumedo bebrain

surfacepoints. The positionof the surfacewithin thesevoxels is measuredi.e.,

the edgeis found to sub-voxel accurag. This is achieved by fitting a quadratic
throughthe edgestrengthvaluesof the edgevoxel andits two neighboursn the

direction perpendiculato the edge;the peakof the quadraticis assumedo be a

betterestimateof the positionof the edgethanthe centreof the edgevoxel.



Edgedetectionis carriedout on bothregisteredbrainimages.Now, for every edge
pointin image1, voxels alonga line perpendiculato the edgeat that point are
searchedn image2, in anattemptto find the closestmatchingedgepoint. Both

edgepoints musthave intensity gradientsin the samedirectionto be allowed to

match. Oncean edgepoint matchis found, the subvoxel positionsaretaken into

accountyesultingin a singlenumbemwhich describediow far andin which direc-
tion theedgepointfrom imagel hasmoved. Then,accordingo the positionin the
imageandthe combinationof the gradientdirectionandthe edgepoint movement
direction,the movementis marked aspositive (“growth”) or negative (“atrophy”)

in anew image,atthe positionof the edgepointin imagel. This newv imagecon-
tainsmostlyzeros exceptatthe brainedgepoints,whereit containssmallpositive

or nggative valuesencodingvhetherthe brainsurfaceateachedgepointhasgrowvn

or shrunkbetweerthefirst andsecondscans(for example,seeFigure4).

Figure 4: Example slice shaving edge motion estimation (atrophy is dark,
“growth” is light), overlaid on originalimage.

Brain atrophyis corventiently quantifiedby a singlenumbersuchasthe percent-
agevolumechangeg(%BVC). Theinitial valueobtainedfrom the changemageis
the sumof all edgepoint motions(linearvoxel units), which, whenmultiplied by
voxel volume, givesthe total BVC. This is one possiblemeasureaswould be a
%BVC deriveddirectly from this. However, a moreinvariantmeasuras obtained
by dividing this volumeby thenumberof edgepointsfoundtimesthevoxel “area”.



(Note,thefinal stagef SIENA arealwayscarriedout with cubicvoxels,sothere
is no ambiguity in the definition of areahere.) This measurds thenthe mean
perpendiculabrain surfacemotion. The reasonwhy thisis preferableto the total

volume changeis thatit is not (to first order) dependenbn the numberof edge
pointsfound. As the numberof edgepointsdepend®n slice thicknesgseebelav

- typically by a factorof two betweenlmm slicesand6mm) and (to a lesserex-

tent) otherscanningletails,it is agoodideato normalizefor the numberof points
found. Finally, if it is requiredto corvert the meansurfacemotionto a%BVC, the
ratio of the brainvolumeto thebrainsurfaceareaneedgo be estimated.

In this formulation: >

v m

= 1
aN 7 ( )

wherel isthemeansurfacemotion, " m is theedgemotion(voxels) summedover

all edgepoints,v is voxel volume, N is the numberof detectededgepointsanda

is voxel cross-sectionarea.Thus,

| =

10004 _ 1001fV
v oV

whereA isthebrainsurfaceareaactual,i.e.,notaN), V istheactualbrainvolume,
f is theratio of actualareato volume.

% brainvolumechange= =1001f, (2)

It is possibleto find f directly for ary givenimagewithout knowing A or V;; if a
singleimageis scaledby a known amountandthencomparedwith the unscaled
versionusing the abore changeanalysis,the correct%BVC is known from the
scalingthat was applied, and the measuremenof [ then allows f to be found.
It variesacrossscannersslice thicknessesind pulsesequencebut normally lies
between0.1and0.2mntt. Applying this method(referredto asself-calibration)
ensureghatthereis no bias(systematierror)in thereportedestimate®f %BVC.

Thecompletemethodis summarisedn Figure5.

3 Validation / Results

3.1 Investigation of Accuracy asa Function of Slice Thickness

To testtheaccurag of SIENA, 16 normalvolunteersverescannedn two separate
sessiongach. Eachsessiorconsistedf 8 scansat a rangeof slice thicknesses,
to enablethe dependencen slicethicknesof theaccurayg to be determinedThe
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subjects’agesrangedfrom 26 to 44, half werefemale. The scannemwasa Philips
NT 1.5T operatingattheNMR Centerof the Universityof Siena.Scandl to 6 were
1mm to 6mm slice thickness, T1-weightedaxial 2D fastfield echo, TE=11ms,
TR=35ms,flip=40°, NAqc=1. The 1mm scanlasted18 minutes,and eachsuc-
cessie scantook lesstime, with the 6mm scanlasting3 minutes. Scan7 wasa
3mmeslicethicknessaxialvolumetricfastfield echo,TE=3ms,TR=20msflip=30°,

NAqgc=1, andlasted4 minutes. Scan8 wasthe sameasscan?, but with coronal
slices,lasting4 minutes. For all scansthe in-slice resolutionwas 1mm by 1mm,
andenoughslicesweretakento includethe top of the scalpandthe bottomof the
cerebellum.The intersessionntenal wasmostly betweenl and7 days. Half of

the subjectsverescannedvith the slice thicknessrangeorderreversedto control
for ordereffects.

The resulting128 pairs of imageswere processedvith the fully automatedsys-
tem, with no manualintervention. On average,eachimage pair took just under
an hour to proceson a state-of-the-arsingle processoPC running Linux. The
registrationresultsand BET segmentationwere checled manually- no obviously
incorrectsggmentationsverefoundfor any of the256imagesandno olbviouslyin-
correctregistrationswerefoundin ary of the 128 pairs. Self-calibratiorwasused
asdescribedabore to ensurethat the %BVC estimatesontainedno systematic
error

Themainresultsfrom the above experimentareshavn in Figure6. The%BVC s

shavn asafunctionof scanmnumberfor all 16 subjects All resultsshouldideallybe

zero,asthesubjectshouldnotbeshaving ary atrophy Therearetwo clearresults
from thisfigure. Firstly, thereis no clearslice-dependende theerrors.Secondly
theerrorsizeis small- the medianabsolutesrrorover all resultsis 0.2%. Thefact
that Lmm slicesdo not generatesignificantlybetterresultsthanthicker slicesmay
at first seemsurprising. However, one possiblereasonfor this resultis that the

lower resolutionscansaretaken morequickly andthereforeprobablycontainless
imagedistortiondueto subjectmotion during the scan. Therewasno significant
differencebetweem€male andfemalesubjectsandeachsubjectin generaldid not

shov a meanerror that was significantly differentto zero, i.e., the error across
slicesthicknesse$or eachsubjectvariedaroundzero.

Thecontritution of theskull-basedtepin theregistrationwasinvestigatedvith the
samedataset. Theresultsof thethree-stageegistration(beforedecompositiornto
two halfway transforms)were comparedwith a “control” registration,consisting
of just stageone of the completeregistration,i.e., a simplefull lineartransforma-
tion from brainimage2 to brainimagel. This canbe thoughtof in the context
of this dataasa reasonableontrol, aswe know thatthe subjects’brainswill not
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Figure6: Plotof %BVC errorvs differentslice thicknesses.
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have changedbetweenscans,andthe scanneiitself is unlikely to have changed
in characterisatioreither Thuswe attribute ary differencebetweensimple lin-
eartransformatiorandthethree-stagskull-basedegistrationto errorin thelatter.
This errorwill bedueto errorsin skull surfaceestimationin eachimage,anderror
in the skull surfaceregistrationstage.Resultsareshovn in Figures7 and8. The
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Figure7: Scalingerrorvs differentslicethicknesses.

medianabsolutevaluesfor scalingandskew (errors)are0.0009and0.0010respec-
tively. Combiningacrossscalingandskew andacrosse, y andz givesa %BVC
error nearly aslarge asthe completeerror result, suggestinghat the registration
stepon averagemay contritute fairly highly to overallatrophymeasuremergrror.
However, this stepis importantto include,giventhe commonproblemof imaging
geometrydrift.

As a further testof the SIENA method,one of the subjects datasetswastested
acrossslice thicknesses eachimagefrom time point 1 wastestedagainsteach
imagewith a differentslice thicknessfrom time point 2. The medianabsolute
error wasonly 0.42%, despitethe substantialdifferencesbetweenthe imagesin
eachpairing.

Thefinal outcomeof theseinvestigationsthereforejs thatthe errorin measuring
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skew error (dimensionless geometric skew factor in X, y and z)
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%BVC betweenimagesacquiredusing the samepulse sequenceas around0.2.
This valueis not stronglyslice-thicknesslependent.

3.2 Validation Using Patient Data from Three Time Points

Furtherinvestigationsvere carriedout with datasetsof three-time-poinscansof
patients.A sensitve methodof erroranalysis[2] canbe carriedout on suchdata;
theatrophymeasuréromtOtotlis addedothemeasurdromtltot2, andthissum
comparedwith the directmeasurdrom t0 to t2. This will shav up mostsources
of errorin the atrophyestimationprodecureandis thereforea usefulvalidationof
the method.Sourcesf errornot coveredarethosewhich affect bothhalvesof the
comparisorequally;for example,if a scalingerrorwascausedy inaccurateskull
estimationat onetime point, andaffectedthetO to t1 atrophymeasuren the same
way thatit affectedthetO to t2 measurethiswould notshaw in thethree-time-point
analysis.

MR imagesof brainsof 39 multiple sclerosigatientscourtesyof Valerie Steven-
sonandDavid Miller atthe Instituteof Neurology London)wereanalysed Each
patientwasscannedhreetimes,with T1-weightedimages,andslice thicknessof
3mm. Theresultsof atrophyanalysisare shavn in Figure9. The pointsshould
ideallylie onthey = z line. Theerrorbarsshav +0.2%,andareclearlysuficient
to explain deviation from theline, demonstratinghatthe precisionof the method
asappliedto patientdatasetsis comparabldo thatwith normalcontrols,despite
differencesn the pulsesequencéor dataacquisition.

4 Conclusions

A fully automatednethodis presentedhere,whichis accuratgaround0.2%brain

volumechangeerror)andachiezeshigh robustnessThe methodis robustto mary

of the problemstypical of generalmorphometricanalysis,andexplicitly corrects
for mostof the remainingproblems.A wide rangeof datatypeshasbeenusedto

verify therobustnessaandaccurag of the method.
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