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Abstract

Extractingthehumanbrain frommagneticresonancehead
scans is difficult becauseof its highly convoluted and
nonuniformgeometry. A technique basedon Non-Uniform
Rational B-Splines(NURBS)and energy minimising de-
formable modelsto extract the brain surfaceaccurately
fromMRheadscansis presented.Theweightingparameter
that comeswith theNURBSdefinitionis exploredto attract
the surfaceinto the regionsshowinghigh curvature. The
weightat each control point is adjustedautomaticallyac-
cording to thecurvature propertiesof theevolvingsurface.
Thisprocessfacilitatesa deformablesurfacewith increased
local flexibility thatadaptsto complex geometricalfeatures
of thebrain. Theresultsshowthattheproposedmodelis ca-
pableof capturingthe correct brain surfacewith a higher
accuracythantheexistingtechniques.

1. Introduction

MagneticResonance(MR) headscansindicatethe skull,
subarachnoidfluid and other anatomicalstructuresthat
hamperthevisibility of thebrainsurface.Therefore,in or-
der to carry out an accuratemorphometryin neurological
studies,the brain hasto be separatedfrom theseexternal
structures.Sucha segmentationroutineis of immenseas-
sistancefor variousclinical studiesbecausethesurfacepat-
ternsof thebrainareconsideredto benaturalpathwayson
the subarachnoidsystemthat canbe usedto accesspatho-
logicalstructureswithin thebrain[10].

Several researchershave investigatedthe problem of
modeling the brain surface using deformablemodels[1,
7, 14, 15, 17]. Our research,an extensionto “Dynamic
NURBS” [13], is motivatedby the limitations found in the
previoustechniquesthat requiremanualinitialisation,user
interactionduringdeformation,poorlocalshapecontroland
redundantpoints to capturethe brain surface accurately.
The approachpresentedin this paperemphasiseson de-
velopinga surfacemodel to segmentthe brain accurately
from MR headscanswith minimumuserintervention.The

main reasonfor the selectionof a NURBS surfacefor our
algorithmis its inherentlocally adaptablefeatures[12]. In
otherwords,a movementof a particularcontrolpoint (or a
changein theweightof a controlpoint) alterstheshapeof
the surfacesegmentlying immediatelycloseto that point.
This is in sharpcontrastto otherdeformablemodelsbased
on irregularmeshconfigurationswheresuchchangestend
to propagategloballyon thesurface[1, 8, 9, 15].

The proposedmethodconsistsof two stages:First, we
obtain the brain matter using an approximatesegmenta-
tion routine. Manualinitialisation is avoidedby taking the
output image from this procedureto constructthe initial
NURBSsurfacethatis positionedcloseto theactualbound-
ary of thebrainmatter. Thesecondstageinvolvesdeform-
ing theaboveNURBSsurfaceaccordingto anenergy min-
imisationalgorithmandalso,modifying theweightassoci-
atedwith eachcontrolpointautomaticallydependingonthe
curvaturepropertiesof the evolving surface. This weight
modificationforcespartsof thesurfacenearsulci (grooves
on the brain surface)to attract towardsthe cavities with-
outhaving to duplicatethecontrolpointsnearsuchregions.
By usinga NURBS-baseddeformablemodel,we havesuc-
ceededin; (a) increasingthe local flexibility of thesurface
by automaticallyadjustingtheweightsof thecontrolpoints,
(b) controllingthelocalshapewith B-Splinebasisfunctions
and (c) automatingsurfaceinitialisation. Experimentsto
determinethereliability of theproposedtechniquearecar-
ried outon MR headscansof 16 healthysubjects.

2. Initial Brain Segmentation

The purposeof this stageis to obtainan initial surfacelo-
catedcloseto theactualbrainsurface.Thissurfacemaynot
necessarilybe the true brain surfacebut an approximation
thatwill bedeformedto conformto theactualboundaryof
thebrainmatter. At thebeginning,thevoxelsof theoriginal
MR headscans(Fig. 1(a)) areconvertedto have isotropic
dimensionsof

���������
mm� to facilitatedistancetransfor-

mations.Thescansarethenfilteredusinganedgepreserv-
ing 3D neighbourhoodaveragingroutine[5]. The filtered
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Figure1: Approximateinitial segmentationof MR headscans:(a) original MR headscan,(b) intensityclusteredimage,(c)
binarymaskingof grayandwhitematter, (d) boundarypointsof grayandwhitematter, (e)binaryopening(f) binaryclosing
of thelargestconnectedcomponentand(g) maskingwith thesourceimage.

imageis thenclusteredinto fiveclasses;cerebro-spinalfluid
(CSF), gray matter (GM), white matter (WM), skull and
background(Fig. 1(b)). Next, a binary maskcontaining
GM andWM is generated(Fig. 1(c)). To openthenarrow
pathsthatlinks thebrainwith otherexternalstructures,bor-
derpointsof brainmatterareextracted(Fig. 1(d))anda3D
distancetransformation[2] is appliedto yield all the con-
nectedregionslocatedoutside2 pixelsfrom theseboundary
pointsresultingin a binaryimage(Fig. 1(e)).Thisdistance
is chosenbasedon the percentageof CSFfound between
theskull andthebrain.

Otherthanthebackgroundregion, thelargestconnected
componentin thedistance-transformedbinary imageis the
brain matter. A 3D binary closing [6] is applied to this
componentandthis morphedimage(Fig. 1(f)) is masked
with thefilteredMR sourceto obtainanapproximatebrain
matter(Fig. 1(g)) that will be usedto constructthe initial
NURBSsurface.

2.1. Initial NURBS surface

Theborderpointsof theextractedbrain,asshown in Fig. 2,
form a continuousstreamof voxels aroundthe brain mat-
ter. Fromthis representation,we samplea setof coordinate
positionsby rotatingan axisaboutthe centreof gravity of

theboundaryin eachslice(the � and � directionsareonthe
x-y planeand in the � direction, respectively). The inter-
sectingpointsof thisaxisandtheboundarygivethecontrol
pointsof theNURBSsurface.Theangleof rotationof the
axisateachsampledeterminesthenumberof controlpoints
needed.

2.2. Energy Minimising Surface
The brain surfaceis a two-parametervector-valuedmath-
ematicalfunction �
	�� 
���������� 
�������� ��� such that an
arbitrarypointon thesurfaceis parametricallyexpressedas��� �!��"$# , �%�&�'��#)(*� 
������ . Theinternalenergy +�,.-0/ at a point��� �!��"$# on thebrainsurface � is definedas
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where _�,a`�(b� [3]. Theexternalenergy +dcSe�/ at a point��� �!��"$# on thebrainsurface � is definedas
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Figure 2: Constructingthe initial NURBS surfaceof the
brain: (a) approximatelysegmentedbrainslice, (b) bound-
ary of thebrain,(c) extractionof thecontrolpointsand(d)
tessellatedNURBSsurface.

f�g h�i[jlk3jSm:n�o�p p3qsr)tvu wyxzj<k�j m!n�o$p p�u {
(2)

where
t�|~}

and � j<k�j m!n�o$p p
givesthe intensityof the

image� atapoint
k�j m!n�o$p

. If
k3jSm!n�o�n�� p

denotesasurface
k

at time � |~� ��n��*p
, anactive brainsurfaceat time �U��� is

givenby k�j m!n�oPn�� ��� p�q��V�'����������V� jl��jlk3jSm!n�o�n��Tp p'p
(3)

where� representsall thepossiblesurfacesat time � andf�j<k�j m!n�oPn�� p'p�q ������]�  [¡ �]� j9f�¢.£0i�jlk3jSm!n�o�n�� p p
� f gSh�i j<k�j m!n�oPn�� p'p p�¤]¥z¤V¦

givesthetotalenergy of
k

at time � .
2.3. NURBS-based Deformable Surface Model
Let §©¨ª � « , ¬ q���n � n�­�­.­.n'®¯r � , ° q���n � n�­�­.­.n'±*r � bethecontrol
points, having weights ² i¢ � ³ |F}�´

, of an active NURBS
surface

k
, at time � , givenby

k3j%¥&n'¦>n � p�q £$µ:¶· ¢�¸:¹©º µ!¶·³ ¸!¹¼» ¢ � ³ j%¥&n'¦>n � p § i ¢ � ³ (4)

where

» ¢ � ³ jL¥OnT¦Pn � p�q ² i¢ � ³�½ ¢ � ¾ jL¥zp ½ ³'� ¿ j%¦�p£�µ!¶· À ¸!¹ º µ:¶·Á ¸!¹ ² iÀ � Á ½ À � ¾ j%¥!p ½ Á � ¿ jL¦$p
arethe rationalbasisfunctionsin which ½ÃÂ%Ä Å givestheÆ iLÇ
B-Splinebasisfunctionof degree È |ÊÉ ´

suchthat

½ÃÂ � ¹Ëj9Ì�p�qÎÍ � n if
ÌÃ|Ï� Ì Â n@Ì Â ´ ¶ p��n

otherwise

and

½ Â � Å jlÌ�p3q jlÌ)rÐÌ Â p ½ Â � Å µ!¶ j9Ì�pÌ Â ´ Å rÐÌ Â � j9Ì Â ´ Å ´ ¶ rÐÌ�p ½ Â ´ ¶ � Å µ!¶ j9Ì�pÌ Â ´ Å ´ ¶¯rÐÌ Â ´ ¶
where

Ì Â arepositive real numbersreferredto asknots
[12].

2.4. Deformable NURBS Surface
The brain image in Fig. 1(g) doesnot exhibit the true
3D patternsof the brain surfacebecauseit containslow
intensity CSF that fills sulci cavities. In the second
stage of our technique, the approximateNURBS 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 expressedin matrix form as

kÑq §&Ò&Ó where § qÔ §©¨¹ � ¹ n §©¨¹ � ¶ n�­.­.­�n §3¨¹ � Õ µ!¶ n §©¨¶ � ¹ n §©¨¶ � ¶ n�­.­�­.n §©¨Ö µ:¶ � Õ µ!¶[× Ò andÓ qØj<ÙX¹ � ¹Vn[ÙX¹ � ¶�n�­�­.­�n�ÙX¹ � Õ µ!¶�n�Ù�¶ � ¹Bn�­.­.­�n�Ù Ö µ:¶ � Õ µ!¶[p Ò
Using Eq. (1), the total internalenergy of the NURBS

surface
k

is givenbyf�¢.£0i�j<kOp3q���­aÚ § ÒOÛ § (5)

where

Û q ����.�V�  [¡ �]� Ô9Ü ¶C¹ Ó Ò Ý Ó Ý � Ü ¹�¶ Ó Ò Þ Ó Þ � Ü ¶T¶ Ó Ò Ý�Þ Ó Ý�Þ
� Ü { ¹ Ó Ò Ý�Ý Ó Ý�Ý ��ß ¹ { Ó Ò Þ'Þ Ó Þ'Þ × ¤]¥à¤]¦

To computethe internalenergy function in Eq. (5), the
partial integrationsof therationalbasisfunctions » ¢ � ³ have
to bederived.Notethatfor thesakeof simplicity, thedegree



term á of theB-Splinebasisfunctionswill beomitted. We
derivethefirst partialintegrationsof âäãLå æ as:

â¼çãLå æ]è%é&ê'ë>êTìSí�îðï�ñã%å æ�ò æ è%ë�íSóõô@è ö>íC÷øó�ùXèSúËíûýü and

â¼þã%å æËèLéOêTëPê@ìSí�î ï�ñãLå æ�ò ã è%é!íSóÐè%é!íC÷øóÏÿ� è úËíûýü
where óÐè�� í�î è ��� è��aí@ê ��� è��aí@ê
	�	�	�ê ��� ÿ � è�� í'í , óõôTèSö>í�î��
ô è ö>íSóÐè ö>í�� � ô@èSöàíSó 
 èSö>í , ó ÿ� è úËí~î ��
� è úËí ó�ù©èSú$í��� � èSúËí ó�ù � èSúËí , ò 
� è���í î � ò � è���í������������ è �Tê"!$í@ê��#�è%é&ê'ë�í , ÷ î%$ ï�ñã%å æ'&)( ÿ �+*-, ÿ � and

û î û è%é&ê'ë>êTìSí�î./. ï�ñãLå æ ò ã è%é!í ò æ è%ë�í î óÐèLézíS÷øó�ù3èSú$í0	 Proceedingfur-
ther, thesecondpartial integrationsarederivedas:

â ç�çãLå æ è%é&ê'ë>êTìSí�îðï�ñã%å æ ò æ è%ë�í!è û ó 
ã è%é!í�12�436587Ëó ô è ö>í�1Êíû � and

â¼þ[þã%å æ]èLéOêTëPê@ìSí�î ï�ñãLå æ ò ã è%é!í:9 û<; óÏÿ �� èSú$í=�>3�5:? ; óÏÿ� èSúËíA@û �
where 1 î�÷øó�ù3èSú$í and

; î�óÐè ö>íC÷ . Further,

â ç�þãLå æ è%é&ê'ë>êTìSí�î ï�ñã%å æ û ó ã è%é!íC÷øóCB� è úËí=�D3 � � è úËíE5 ? ó ô èSö>íA1û �
where óCBæ èLë$íÃî ò æ è%ë�íSó�ù � èLë$í8F ò 
æ è%ë�íSó�ùXè%ë�í , û ç î� û �E�àé and

û þ î2� û �E�àë . The above partial integrations
areusedto assesG 7 , G ? , G 7
7 , G ?�? , G 7 ? from G .

Thetotalexternalenergy of H , usingEq. (2), is givenbyIKJ�L ñ è H í©îM�KN where

N îPOQOR ç å þ�S�T)UWV
XZY 7 X [ ù G]\ F Y ? X�[ ù G^\_\a` ö ` ú

with

b
c X�[ ù G^\ îedddd
����gfih b X [ ù G]\ dddd

ü �Q���ÏèLéOêTë$í
in which fjh denotesconvolution with a Gaussian.

Therefore,thetotal energy of theNURBSsurface H is

I è H í3î X�k 	ml [ ùjn [ �po \ (6)
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Figure3: TheNURBSsurfaceis attractedtowardthesulci
cavity whentheweight ï�ñã%å æ of thecontrolpoint

[:qô å � is in-
creased(dashedline indicatesthe surfacelocation before
weightadjustment).

Theenergy minimisingprocessof adeformablesurface,
given in Eq. (3), is solved iteratively by consideringthe
Euler-Lagrangeequationr I è H íÊî k

. It givesa stateof
equilibrium to Eq. (6) from which the new locationsof
thecontrolpointsin

[
arecomputed.Subsequently, a new

NURBSsurfaceis fittedover
[

whoselocalshapeis further
adjustedby modifying theweightsof thecontrolpointsas
describednext.

2.5. Weight Adjustment
WhenthedeformableNURBSsurfaceevolvesthroughthe
energy minimising states,somesegmentsmay not be sit-
uatedcloseto the actualbrain matter. In sucha case,the
only wayto movethesurfacetowardstheseregions,without
translatingthecontrolpoints,is by increasingtheweightof
therelevantcontrolpoints[11]. Moreover, thisweightmod-
ificationmustnot effect partsof thesurfacelocatedoutside
sulci cavities.

As shown in Fig. 3, let s be a point at the bottomof
a sulci towardswhich the NURBS surface H needsto be
attractedby adjustingthe weight of the control point

[ ñ ã%å æ(notethat s is notacontrolpoint). If H is at s at time ìtF �
,

theNURBSform of theevolving surfacebecomes

u>u ï ñ B �ã%å æ ò ã è%é!í ò æ èLë$í [ ñ ãLå æu>u ï ñ B �ã%å æ ò ã è%é!í ò æ è%ë�í � upu ï ñãLå æ ò ã è%é!í ò æ è%ë�í [ ñ ã%å æu>u ï ñãLå æ ò ã è%é!í ò æ è%ë�íî s � H è ö!ê�úPê_vSí
(7)

Note that during weight adjustments,the position of a
control point remainsunchanged;i.e.

[ ñ B �ãLå æ î [ ñ ãLå æ . If the
weightchangeis denotedby w ïdñãLå æ î ï ñ B �ã%å æ � ï�ñãLå æ , Eq. (7)
canbewrittenas
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(8)

Multiplying Eq. (8) by
� � û yields

( ÿ �x ã�y �
, ÿ �xæ�y � w ï ñã%å æ ò ã èLézí ò æ è%ë�í X [ qô å � � s \

î è s � H èLéOêTëPê@ìSí í û èLéOêTëPê@ìSí (9)

Now, Eq. (9) gives the weight changesw ï�ñãLå æ to expand
thedeformableNURBSsurface H towardsthe sulci cavity
becauseit causesa perspective functionaltranslationof the
pointson theeffectedNURBSsegmenttoward

[aqô å � .
Due to the continuousnatureof the NURBS surface,

an analyticalsolutionfor the curvatureof the surfacenear
the control point

[:qô å � is computedby taking the distance
between

[aqô å � and the averagevector z è [aqô å � í of all the
connectedneighbouringcontrol pointsof

[ qô å � , denotedby{ è [aqô å � í , which approximatesthesurfacecurvatureat
[aqô å � .

Theapproximatesurfacecurvatureat
[aqô å � , | ñ ã%å æ , is givenby| ñ ãLå æ î dd

[aqô å � � z è [aqô å � í dd ü where

z è [ qô å � í©î �}} { è [ qô å � í }} x~��� ��� ��� T+� R ~��� � � S
[ qô � å �0�

in which
}} { è [aqô å � í }} givesthenumberof controlpoints

in
{ è [aqô å � í . If thesurfacecurvature| ñ ã%å æ exceedsathreshold

(say, the averagesurfacecurvature î �( *-, ./. | ñ ãLå æ ), the
weight ï�ñã%å æ is updatedsuchthat

ï ñ B �ãLå æ î ï ñãLå æ�FD� | ñ ãLå æ�����ãLå æ $ | ñ ãLå æ &
where �P��� controls the amount of attraction of

the surface towards the control point. This local shape
control of the surface,due to weight adjustments,comes
from the B-Spline basis functions where ò�� å � è���íÎî k
for ������ � � ê�� � B � B � í . The knots for the two B-Spline
basis functions ò ãLå � è%é!í and ò æ'å � èLë$í are given by the
vectors è%é � êTé � ê+	�	�	.ê'é ( B � íCù and è%ë � ê'ë � ê
	�	�	.ê'ë , B � íCù , respec-
tively. Eachknot pair èLé ã ê'ë æ í relatestheparametersé andë to a weight ï�ñãLå æ suchthat an adjustmentof ï�ñãLå æ affects
only thesurfacesegmentH è%é&ê'ë>êTìSí , èLéOêTë$í��4� é ã ê'é ã B � B � í �� ë æ êTë æ B � B � í [12]. Finally, thebrainmatteris extractedaf-
ter removing all the voxels situatedoutsidethe deformed
NURBSsurface.

Figure4: MR imageslicesof thebrain: (top) original MR
images,(middle) NURBS surface initialised close to the
brain and (bottom) brain slicessegmentedwith NURBS-
baseddeformablesurface.

3. Results
To validatethe precisenessof the proposedtechnique,16
MR headscansof healthy volunteers,betweenthe ages
of 6 and27, wereprocessed.The actualboundaryof the
brainsurfacewasextractedby manuallyoutlining theouter
perimeterof thebrainmatterof eachslice.

Fig. 4 depictssegmentedresultsof an MR headscan.
Although our algorithmis implementedin 3D, the images
areshown as2D slicesfor enhancedclarity. Theaccuracy
andtheshapedifferenceof theNURBS-basedandmanual
segmentationwasmeasuredusingtheaveragedistanceerror
betweenthe two surfaces[16]. It is the averagedistance
betweeneachpointonthedeformedNURBSsurface � and
theclosestpoint on theactualbrainsurface� � . Theaverage
distanceerror, � , is givenby

���"�=� � �j�8���� �8�¡�¢)£ ¤�¥"¦)§%¨i©«ª¡�¢_¬ £ ¤�¬­¥�¦¯®§±°°° �:�³²´��µ¶�=· � �8� ²¹¸ ��µ'¸�� °°°�º ² º µ
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Figure5: Performancemeasurementof theproposedtech-
niqueon 3D MR imagesusingtheaveragedistanceerror.

where » is the surfaceareaof ¼ . It can be observed
in Fig. 5, wherethe X-axis givesthe subjectnumber(i.e.
the volunteer’s MR headscannumber), that the error is
below 1 pixel in all the caseswhen the weights ½K¾¿³À Á are
updated;the lowest being 0.60 pixels and the highester-
ror being0.71 pixels. Whenthe weightsarenot updated,
the lowestandthe highesterrorsare1.11and1.23pixels,
respectively. In other words, the brain, segmentedusing
theNURBSframework with weightadjustments,is situated
closerto the true brain surfacethan the segmentationob-
tainedwithout weightadjustmentsfor thesamenumberof
iterations.Theseresultsmatchwith increasedperformance
overthosereportedby otherinvestigators[4, 17]. Whenthe
weightsarenot updated,thedeformablemodelbehavesas
a B-Splinesurfacethatdoesnot exhibit rationalproperties
to give anextra degreeof freedomfor shapingthesurface.
Theprocesstakes,on theaverage,10 minutesto peela 3D
volumetricimagein a SunSparc60workstation.

4. Conclusion
A new techniquebasedon NURBS to segmentthe brain
from MR headscansis presented.ThedeformableNURBS
surface exploits the weighting parameterat eachcontrol
point that is updatedautomaticallyto detectsharpcavities
foundon the brainsurface. Moreover, the modeldoesnot
containaninitialisationproblembecausetheinitial NURBS
surfaceis formedautomaticallyusinganapproximatebrain
segmentationroutine. It guaranteesthat thesurfaceinitial-
isation is closeto the actualbrain matterandthus,avoids
the evolving surfacegettingstuck in a local minima. The
currentapproach,which integratesimageprocessing,com-
puter graphicsand vision, providesclinicians an accurate
tool to carry out surface-basedstructuralanalysisof the
humanbrainandothervisualisationtasksin neuroimaging
studies.
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