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Abstract

Extractingthe humanbrain from magneticresonancéiead
scansis difficult becauseof its highly corvoluted and

nonuniformgeometry A technique basedon Non-Uniform
Rational B-Splines(NURBS)and eneigy minimising de-

formable modelsto extract the brain surface accumately
fromMR headscands presentedTheweightingparameter
that comeswith the NURBSdefinitionis exploredto attract

the surfaceinto the regions showinghigh curvatue. The
weightat ead control point is adjustedautomaticallyac-

cording to the curvature propertiesof the evolving surface

Thisprocesdacilitatesa deformablesurfacewith increased
local flexibility thatadaptsto complex geometricalfeatuies
ofthebrain. Theresultsshowthattheproposednodelis ca-

pable of capturingthe correctbrain surfacewith a higher
accuracythanthe existingtedniques.

1. Introduction

Magnetic Resonanc€MR) headscansindicate the skull,

subarachnoidfluid and other anatomical structuresthat
hampetthevisibility of the brainsurface.Therefore,jn or-

der to carry out an accuratemorphometryin neurological
studies,the brain hasto be separatedrom theseexternal
structures.Sucha segmentatiorroutineis of immenseas-
sistancdor variousclinical studiesbecausehesurfacepat-
ternsof the brainareconsideredo be naturalpathwayson

the subarachnoidystemthat canbe usedto accesgatho-
logical structureswithin the brain[10].

Several researcherdave investigatedthe problem of
modeling the brain surface using deformablemodels|1,
7, 14, 15, 17]. Our researchan extensionto “Dynamic
NURBS" [13], is motivatedby the limitations foundin the
previoustechniqueghatrequiremanualinitialisation, user
interactionduringdeformationpoorlocalshapecontroland
redundantpoints to capturethe brain surface accurately
The approachpresentedn this paperemphasise®n de-
veloping a surface modelto sggmentthe brain accurately
from MR headscanswith minimumuserintervention. The

main reasonfor the selectionof a NURBS surfacefor our
algorithmis its inherentlocally adaptabldeatureq12]. In

otherwords,a movementof a particularcontrol point (or a
changen theweightof a control point) altersthe shapeof

the surfacesegmentlying immediatelycloseto that point.

Thisis in sharpcontrastto otherdeformablemodelsbased
on irregular meshconfigurationsvheresuchchangegend
to propagateylobally onthe surface[1, 8, 9, 15].

The proposedmethodconsistsof two stages:First, we
obtain the brain matter using an approximatesegmenta-
tion routine. Manualinitialisationis avoidedby taking the
outputimage from this procedureto constructthe initial
NURBSsurfacethatis positionedcloseto theactualbound-
ary of the brainmatter The secondstageinvolvesdeform-
ing theabore NURBS surfaceaccordingto anenegy min-
imisationalgorithmandalso,modifying the weightassoci-
atedwith eachcontrolpointautomaticallydependingnthe
curvaturepropertiesof the evolving surface. This weight
modificationforcespartsof the surfacenearsulci (grooves
on the brain surface)to attracttowardsthe cavities with-
outhaving to duplicatethe controlpointsnearsuchregions.
By usinga NURBS-basedleformablemodel,we have suc-
ceededn; (a) increasinghe local flexibility of the surface
by automaticallyadjustingtheweightsof the controlpoints,
(b) controllingthelocal shapewith B-Splinebasisfunctions
and (c) automatingsurfaceinitialisation. Experimentsto
determinethereliability of the proposedechniquearecar
ried outon MR headscanf 16 healthysubjects.

2. Initial Brain Segmentation

The purposeof this stageis to obtainaninitial surfacelo-
catedcloseto theactualbrainsurface.This surfacemaynot
necessaril\be the true brain surfacebut an approximation
thatwill be deformedio conformto the actualboundaryof
thebrainmatter At the beginning,thevoxelsof theoriginal
MR headscang(Fig. 1(a))arecorvertedto have isotropic
dimension®f 1 x 1 x 1 mm? to facilitatedistanceransfor
mations.The scansarethenfiltered usinganedgepreserv-
ing 3D neighbourhoodaveragingroutine [5]. The filtered
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Figurel: Approximateinitial sgmentatiorof MR headscans:(a) original MR headscan,(b) intensityclusteredmage,(c)
binarymaskingof gray andwhite matter (d) boundarypointsof grayandwhite matter (e) binary opening(f) binaryclosing
of thelargestconnecteccomponentind(g) maskingwith the sourceimage.

imageis thenclusterednto five classescerebro-spinaluid

(CSF), gray matter (GM), white matter (WM), skull and
background(Fig. 1(b)). Next, a binary maskcontaining
GM andWM is generatedFig. 1(c)). To openthe narrov

pathsthatlinks the brainwith otherexternalstructurespor-

derpointsof brainmatterareextracted(Fig. 1(d))anda 3D

distancetransformation[2] is appliedto yield all the con-
nectedegionslocatedoutside? pixelsfrom theseboundary
pointsresultingin a binaryimage(Fig. 1(e)). This distance
is chosenbasedon the percentagef CSFfound between
the skull andthebrain.

Otherthanthe backgroundegion, the largestconnected
componentn the distance-transformekinaryimageis the
brain matter A 3D binary closing [6] is appliedto this
component@ndthis morphedimage (Fig. 1(f)) is masled
with thefiltered MR sourceto obtainanapproximatebrain
matter(Fig. 1(g)) thatwill be usedto constructthe initial
NURBSsurface.

2.1. Initial NURBS surface

Theborderpointsof theextractedorain,asshavnin Fig. 2,
form a continuousstreamof voxels aroundthe brain mat-
ter. Fromthis representationye samplea setof coordinate
positionsby rotatingan axis aboutthe centreof gravity of

theboundaryin eachslice (thew andv directionsareonthe
x-y planeandin the z direction, respectiely). The inter-
sectingpointsof this axisandthe boundarygive the control
pointsof the NURBS surface. The angleof rotationof the
axisateachsampledetermineshenumberof controlpoints
needed.

2.2. Energy Minimising Surface

The brain surfaceis a two-parametervectorvaluedmath-
ematicalfunction S : [0,1] x [0,1] — R3 suchthatan
arbitrarypointonthesurfaceis parametricallyexpresseas
S(u,v), (u,v) € [0,1]. Theinternalenegy E;,; atapoint
S(u, v) onthebrainsurfaceS is definedas

2 2

1 98 (u, 8S(u,
Eint(s(u, U)) = 5 (CIO ‘# + co1 ‘#
+e 9"8(u, v) ’ +c S (u, v) 2 +e 9°S(u,v) ’
T udv 201 T g2 02 | =53

1)

wherec;; € R [3]. Theexternalenegy E.,; ata point
S(u, v) onthebrainsurfaceS is definedas
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Figure 2: Constructingthe initial NURBS surface of the
brain: (a) approximatelyseggmentedbrainslice, (b) bound-
ary of the brain, (c) extractionof the control pointsand(d)
tessellatedNURBS surface.

Eeys(S(u,v)) = —y|VI(S(u, )|’ @)

wherey € R andI(S(u,v)) givesthe intensity of the
image! atapointS(u, v). If S(u, v, t) denotesasurfaceS
attime¢ € [0, 00), anactive brainsurfaceattime ¢ + 1 is
givenby

S(u,v,t +1) = argmin(E(S(u, v, 1))) 3

whereS representall thepossiblesurfacesattime ¢ and

E(S(u,v,t)) = // (Eint (S(u, v, 1))

(u,v)ES
+  Eeze(S(u,v,t))) dudv

givesthetotal enegy of S attimet.

2.3. NURBS-based Defor mable Surface M odél

Letp!;,i=0,1,..,n—1,j =0,1,...,m—1bethecontrol
points, having WeightSwa € R+, of an active NURBS
surfacesS, attime ¢, givenby

-1

-
3

n

S(u,v,t) = R; j(u,v,t)pt (4)
=0 j=0
where
w@ N; ,(uw)N; (v
Ri’j(u’ /U’ t) = "*1’!71,17{ z,p( ) ]a‘I( )
Z sz,dNC,p(u)Ndyq(U)
c=0 d=0

arethe rational basisfunctionsin which N; , givesthe
Ith B-Splinebasisfunctionof degreek € Z* suchthat

1, ifs€s,s141)
Nio(s) = { 0, otherwise
and

(si+k+1 — 8)Nig1,6-1(s)
Sl+k+1 — Si+1

(S — Sl)Nl’k_l(S) +

Ni(s) = Si+k — 81

wheres; are positive real numbersreferredto as knots
[12].

2.4. Deformable NURBS Surface

The brain image in Fig. 1(g) doesnot exhibit the true
3D patternsof the brain surface becauset containslow
intensity CSF that fills sulci cavities. In the second
stage of our technique, the approximate NURBS sur
face obtained previously is deformed so that it wraps
itself onto the cavities and the hills on the brain sur
face. The NURBS surface given in Eq. (4) can also
be expressedn matrix form asS = pTR wherep =

T
(p(t),o’ p(t),l’ e p(t),m—l’ p{,o’ p{,l’ e pfz—l,m—l) and
T
R = (Ro,0, Ro,1, -y Ro,m—1, R1,05 -y Rn—1,m-1)
Using Eq. (1), thetotal internalenegy of the NURBS
surfaces is givenby

Ein(S) = 0.5p"Lp (5)

where

L = // (CloRERu + CmRERU + CllREva,
(u,v)ES
+ czoR',I;uRuu + cogR;rva,) dudv
To computethe internalenegy functionin Eqg. (5), the

partialintegrationsof therationalbasisfunctionsR; ; have
to bederived. Notethatfor thesale of simplicity, thedegree



term k£ of the B-Splinebasisfunctionswill be omitted. We
derivethefirst partialintegrationsof R; ; as:

w} ;N (v)N; (u) WNT (v)
QZ

R i(u,v,t) = and

t i -
sz (u,, ) = wz’,sz(U)NQ(;L)WNJ (v)

o Nn1(1)), Ni(u) =
7 (v) = Nj(v)NT(v) —

whereN(-) = (Ny(), NV ()
Ni(w)N(u) — Ni(u)N'(v), N ;
Nj(v)NT'(v), Ni(s) = 3Nf( 5)/0s;f € (i,4),s €
(u,v), W = {wf’j}n_lxm_1 andQ = Q(u,v,t) =
¥w! ;Ny(u)N;(v) = N(u)WNT(v). Proceedingfur-
ther, the secondpartialintegrationsarederivedas:

wt . ] _ '
R (u,v,t) = "viNJ(U)(QNz’@gf 20N:i(w)X)

w!;Ny(w) (QYN; (v) — 2Q.YN; (v))
Q3
whereX = WNT(v) andY = N(u)W. Further

Ry (u,v,1) =

wf,jQNz'(U)WN;_(U) —2N;(v) @yN;(u)X

RY%(u,v,t) = o
whereN} (v) = N;(v)NT' (v) + N}(v)NT(v), Q, =
0Q/0u and@, = 0Q/dv. The abore partialintegrations
areusedto asseR ., Ry, Ry, Ryy, Ry fromR.
Thetotal externalenegy of S, usingEq. (2), is givenby
E.;+(S) = —M where

M = // (P"R) + I, (P"R)) dudv
(u,v)€S
with
9 2
I, (p"R) = ago*I(pTR) ; 8 € (u,v)

in which * denotescorvolution with a Gaussian.
Thereforethetotal enegy of the NURBS surfaceS is

E(S) = (0.5p"Lp — M) (6)
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Figure3: The NURBS surfaceis attractedoward the sulci
cavity whenthe weightw! . of the control pomtpz isin-
creaseddashedine indicatesthe surfacelocatlon before
weightadjustment).

Theenegy minimising procesof adeformablesurface,
givenin Eq. (3), is solved iteratively by consideringthe
EulerLagrangeequationVE(S) = 0. It givesa stateof
equilibrium to Eq. (6) from which the newn locationsof
the control pointsin p arecomputed.Subsequentlya nen
NURBSsurfaceis fitted overp whoselocal shapss further
adjustedby modifying the weightsof the control pointsas
describechext.

2.5. Weight Adjustment

Whenthe deformableNURBS surfaceevolvesthroughthe
enegy minimising states,somesegmentsmay not be sit-
uatedcloseto the actualbrain matter In sucha case,the
only wayto movethesurfacetowardstheseregions,without
translatinghe controlpoints,is by increasingheweightof
therelevantcontrolpoints[11]. Moreover, thisweightmod-
ification mustnot effect partsof the surfacelocatedoutside
sulci cavities.

As shavn in Fig. 3, let q be a point at the bottom of
a sulci towardswhich the NURBS surfaceS needsto be
attractedby adjustingthe weight of the control point pﬁ, j
(notethatq is notacontrolpoint). If S isatq attimet + 1,
the NURBS form of the evolving surfacebecomes

> wit Ni(u)N; (v)p}
= wihtNi(u)Nj(v)

_ Esz JN( )NJ(U)pz,]
> w; ;Ni(u)Nj(v)

=q— S(u,v,t)
()
Note that during weight adjustmentsthe position of a
control point remainsunchangedi.e. pt+1 = pi;. If the
weightchangés denotedoy Aw? ; w“r1 —w} ;,Eq.(7)
canbewrittenas



Q (Z3w} ;Ni(u)N;(v)p} ; + BEAwW] ; Ni(u)N; (v)p} ;)
Ni(u)N;(v))
Nz(u)N] (U)) (q - S(U, v, t))

—%w} ; Ni(u)N;j(v)pt (Q@+ Y Aw} ;

=Q (Q +IZAw};

8
Multiplying Eq. (8) by 1/Q yields
n—1m—1
Awﬁ,jNi(U)Nj (v) (Pﬁ,j - Q)
i=0 j=0 9)
= (q - S(U,U, t)) Q(U, v, t)
Now, Eq. (9) givesthe WelghtchangesAw to expand

the deformableNURBS surfaceS towardsthe sulci cavity
becausdt causes perspectie functionaltranslationof the
pomtsontheeffectedNURBSsegmenttowardpl

Due to the continuousnatureof the NURBS surface,
an analytlcalsolutlonfor the cunvatureof the surfacenear
the control point p j Is computedby taking the distance
betweenp? ; and the average vector g(p”) of all the
connectecheighbouringcontrol points of pZ , denotedby
N (p! i), Which apprOX|mate$hesurfacecurvatureatpl g
Theapproximatesurfacecurvatureat pw , is givenby

2
ki ;= [pl; —&(@i;)|" where

‘Lj’

g(p!;)

_ t
“ WL, 2, P

p:l ) GN(p:,]‘)

in which ||J\/ p” || givesthe numberof control points
in V(p? ;). If thesurfacecurvaturex} ; exceedsathreshold

(say the averagesurfacecurvature_ nmeZn ), the
weightw? ; is updatedsuchthat
t
K .
wf,—ij—'l = wt,J +n -

7’15
max {rii}

wheren € R controls the amountof attraction of
the surface towards the control point. This local shape
control of the surface, due to weight adjustmentscomes
from the B-Spline basis functions where N; (s) = 0
for s ¢ [si,si4k+1). The knots for the two B-Spline
basis functions N; ,(u) and Nj,(v) are given by the
VECtOrs(ug, Uty ..y Untp) T aNA (Vg, V1, -evy Umntq) T, FESPEC-
tively. Eachknot pair (u;,v;) relatesthe parametersu and
v to aweightw! ; suchthatan adjustmentf w! ; affects
only thesurfacesegmentS (u, v, t), (u,v) € [uz,uz+p+1)
[vj,Vj4q+1) [12]. Finally, the brain matteris extractedaf-
ter remaving all the voxels situatedoutsidethe deformed
NURBSsurface.

Figure4: MR imageslicesof the brain: (top) original MR
images,(middle) NURBS surface initialised close to the
brain and (bottom) brain slices segmentedwith NURBS-
basedleformablesurface.

3. Results

To validatethe precisenessf the proposedechnique,16
MR headscansof healthy volunteers,betweenthe ages
of 6 and 27, were processed.The actualboundaryof the
brainsurfacewasextractedby manuallyoutlining the outer
perimeterof the brainmatterof eachslice.

Fig. 4 depictssegmentedresultsof an MR headscan.
Although our algorithmis implementedn 3D, theimages
areshavn as2D slicesfor enhancedlarity. The accurag
andthe shapedifferenceof the NURBS-basednd manual
segmentatiorwasmeasuredisingtheaveragedistanceerror
betweenthe two surfaces[16]. It is the averagedistance
betweereachpointonthedeformedNURBSsurfaceS and
theclosestpomtontheactualbralnsurfaceS Theaverage
distanceerror e, is givenby

~ 1 ~
e(S,S) = I ( ’mgleg ‘S(u,v) — S(u,v")| dudv
(u,v)€ES v
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Figure5: Performanceneasurementf the proposedech-
nigueon 3D MR imagesusingthe averagedistanceerror.

where A is the surfaceareaof S. It canbe obsenred
in Fig. 5, wherethe X-axis givesthe subjectnumber(i.e.
the volunteers MR head scannumber), that the error is
belov 1 pixel in all the caseswhen the weightsw! ; are
updated;the lowest being 0.60 pixels and the highester
ror being0.71 pixels. Whenthe weightsare not updated,
the lowestandthe highesterrorsare1.11and 1.23 pixels,
respectiely. In otherwords, the brain, sggmentedusing
theNURBSframavork with weightadjustmentss situated
closerto the true brain surfacethan the segmentationob-
tainedwithout weightadjustmentgor the samenumberof
iterations.Theseresultsmatchwith increasegerformance
overthosereportedoy otherinvestigatorg4, 17]. Whenthe
weightsare not updated the deformablemodelbehaesas
a B-Spline surfacethat doesnot exhibit rationalproperties
to give an extra degreeof freedomfor shapingthe surface.
The procesdakes,on the average, 10 minutesto peela 3D
volumetricimagein a SunSparc60 workstation.

4. Conclusion

A new techniquebasedon NURBS to segmentthe brain
from MR headscanss presentedThedeformableNURBS
surface exploits the weighting parameterat each control
point thatis updatedautomaticallyto detectsharpcavities
found on the brain surface. Moreover, the model doesnot
containaninitialisationproblembecaus¢heinitial NURBS
surfaceis formedautomaticallyusinganapproximatebrain
segmentatiorroutine. It guaranteethatthe surfaceinitial-
isationis closeto the actualbrain matterandthus, avoids
the evolving surfacegetting stuckin a local minima. The
currentapproachwhich integratesmageprocessingcom-
puter graphicsand vision, provides clinicians an accurate
tool to carry out surface-basedtructuralanalysisof the
humanbrain andothervisualisationtasksin neuroimaging
studies.
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