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ABSTRACT

Thispaperdescribesarobustmethodbasedonthecooperationof fuzzyclassificationandregionssegmentation
algorithms,in orderto detectthetumoralzonein thebrainMagneticResonanceImaging(MRI). Ononehand,
theclassificationin fuzzy setsis doneby theFuzzyC-Meansalgorithm(FCM), wherea studyof its different
parametersandits complexity hasbeenpreviously realised,which led us to improve it. On the otherhand,
the segmentationin regionsis obtainedby an hierarchicalmethodthroughadaptive thresholding.Then,an
operatorexpertselectsagermin thetumoralzone,andtheclasscontainingthesickzoneis localisedin return
for theFCM algorithm. Finally, the superpositionof the two partitionsof the imagewill determinethe sick
zone.Theoriginality of ourapproachis theparallelexploitationof differenttypesof informationin theimage
by thecooperationof two complementaryapproaches.Thisallowsusto carryoutapertinentapproachfor the
detectionof sickzonein MRI images.
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INTRODUCTION

The objective of this work is to provide for
the clinicians a semiautomaticsystemof diagnosis
permitting the characterisationof the healthy and
pathological matters from the digitalisation of the
Magnetic ResonanceImaging (MRI) of the human
brain. A great amountof work has focusedon the
treatmentof theMRI brainimageswhich is acomplex
task,consideringthevariability of thehumanbrainand
the complexity of the images.Among theseworks,
we mention the approacheswhere the objective is
the image segmentation(Joliot and Mazoyer, 1993;
Brummeret al., 1993)and the approachesaiming at
the classificationof the imagein matters(Tsaoet al.,
1992;Alywardet al., 1994;Vinitski et al., 1995).Our
approachis mainly characterisedby the integration

of the two methodsrealising complementarytasks.
Indeed, we cooperatea systemof segmentationin
regions and a systemof classificationin fuzzy sets.
First, the toboggan algorithm (Faiefield, 1990) is
appliedto theoriginal image,in orderto eliminatethe
noiseoften presentin the medicalimages.Then,the
image is split into a set of classesgroupedin three
matters(Grey, White and Other) and simultaneously
segmentedin regions. The classcontainingthe sick
zoneis usuallyformedby several relatedcomponents
(regions).Next, anoperatorexpertdeterminesa germ
(seedpixel) in the center of the sick zone as well
as the size of the zoneof interest(a window x � x).
Finally, the extractionof the regionsbelongingto the
intersectionof thezoneof interestandthetumourclass
allows to detectpreciselythesick zone(Fig. 1).
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Fig. 1. Proposedsystemfor thesick zonedetection.
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METHODS

FUZZY CLASSIFICATION

The classificationin Fuzzy C-Means(FCM) is
a generalisationof the classical clustering to the
fuzzy sets domain. The advantageof fuzzy sets is
the better modelling of uncertaintyand ambiguity.
This characteristicof fuzzy setsallows to postpone
the classificationof a pixel until more information
can be usedto make the final classification.Within
the segmentationcontext, featurevectorsare defined
relatively to each pixel in the image. Using these
featurevectors,FCM will createa fuzzy membership
partition that gives a fuzzy membershipfor each
pixel vectorwithin eachclass.In fact, given a priori
knowledgeof theclassesnumberc, FCM assignsa c-
dimensionalfuzzy membershipvectorto eachfeature
vectorandthusto eachpixel. Then,FCM will cluster
patternssoasto minimizethequadraticerrorbetween
the fuzzy class centresand the pixels. Thus, FCM
minimizestheenergy functionJm

~
U � V ;X � givenX to

resolve theoptimisationproblem
~
π � (eq.1).

�
π � :

��������� ��������
min
U � ζ

n1

∑
i � 1

n2

∑
j � 1

c

∑
k� 1

�g�
ui � j � k �|� m �<����� Xi � j � vk ��� A � 2 �

ζ ��� U � �g� 0 � 1��� n1 � n2 � c � c

∑
k� 1

ui � j � k��� 1
���

i
���

j
�

and 0 � ∑n1
i � 1 ∑n2

j � 1
ui � j � k��� N

���
k ���

(1)

with N: thenumberof pixelsto classifyin theimage
Im
~
n1;n2 � ~ N   n1

� n2),
p: the number of the chosenattributes to

characteriseapixel,
X i ¡ j ¢ Rp where1 £ i £ n1 � 1 £ j £ n2 : the

vectorrepresentingthepixel Im
~
i � j � ,

vk ¢ Rp where1 £ k £ c: thecentroidvectorof
theclassk,

ui ¡ j ~ k � ¢¥¤ 0 � 1¦ : thedegreeof membershipof the
vectorX i ¡ j in thefuzzy classk,

m ¢ ¦ 1 �g§ ∞ ¤ : a weightingexponentcontrolling
thefuzzinessdegreeof theclass,

U   ~
ui ¡ j ~ k �¨� where1 £ i £ n1 � 1 £ j £ n2 � 1 £

k £ c: thethreedimensionalfuzzymatrix partition©© Xi ¡ j ª vk

©©
A

: thedistancebetweenX i ¡ j andvk in
normA.

Steps of the FCM algorithm according to Bezdek
(1981)arethefollowing:« Initialisations:

- set parameters:c, m, A and the termination
constantε ;

- create a random
~
n1

� n2
� c� membership

matrixU ¬ t ­ 0® .« Step1: calculatethematrixV ¬ t ® of theclasscentres
suchas:V ¬ t ®   F

~
U ¬ t ® �0  ~

fk
~
U ¬ t ® �¨� 1 ¯ k ¯ c« Step2:calculateU ¬ t ° 1® suchas:U ¬ t ° 1®   G

~
V ¬ t ® �< ~

gk
i ¡ j ~ V ¬ t ® �¨� 1 ¯ i ¯ n1 ¡ 1 ¯ j ¯ n2 ¡ 1 ¯ k ¯ c« Step 3: if

©© U ¬ t ° 1® ª U ¬ t ® ©© A ± ε then terminate,
else t   t § 1 andgobackto Step1.

In our case, the functions fk and gk
i ¡ j are given

respectively by theequations(eq.2) and(eq.3):

�
k : v ² t ³

k
� fk

�
U ² t ³ �<� n1

∑
i � 1

n2

∑
j � 1

�
u ² t ³

i � j � k �|� mX i � j
n1

∑
i � 1

n2

∑
j � 1

�
u ² t ³

i � j � k�g� m � (2)

�
i
�´�

j
�µ�

k : u ² t ¶ 1³
i � j �

k��� gk
i � j � V ² t ³ �<�

� ����� ����¸· c

∑
q� 1 ¹ ��� X i � j � v ² t ³

k
��� A��� X i � j � v ² t ³q ��� A
º ² 2» m¼ 1³�½¾¼ 1 �

if I ² t ³
i � j � φ

1
Card ² I ¿ t Ài Á j ³ χ

I ¿ t À
i Á j � k � � otherwise

(3)

with I ¬ t ®
i ¡ j  ÃÂ k Ä 1 £ k £ c � ©©© X i ¡ j ª v ¬ t ®

k

©©©
A
  0 Å , χI is the

characteristicfunction of the set I andCard
~
I � is the

cardinalof I .

Next, we study the FCM parametersin order to
improve theresultsandto reducethecalculatingtime.

Feature extraction: several characteristics
relativeto thepixelscanbeusedasvectorcomponents.
Among them, we mention the intensity, the spatial
location, the averageand the varianceof a w � w
window centredin theconsideredpixel.Theclustering
goal is to producea feature spacequantifying the
similarity betweenpixelsbelongingto thesametissue
type.If weconsideranhomogeneousarea,thevariance
calculationgiveshighervaluesfor pixelsnearthearea
boundarythanthosein theareainterior. Consequently,
theconsideredhomogeneousareawill besplit into two
classes.Thus,the varianceis not a goodcomponent.
Moreover, our experimentationsshow that the useof
the averageandthe spatiallocationdoesnot improve
theresults(Fig. 2 b, c, d) andincreasesthecalculating
time. Therefore,only the intensity (p   1) is used
as a componentof feature vector X i ¡ j . Then, the
classificationof a pixel dependsonly on its intensity
[X i ¡ j   GreyLevel

~
Im
~
i � j �Æ� ] whatallows to reducethe

dataset.
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Class number: since the numberof clustersis
an input to the clusteringalgorithm, it needsto be
determinedbeforehand.Several methodshave been
suggestedin theliteraturefor determiningdynamically
an optimal value of c (Gath and Geva, 1989; Yager
and Filev, 1994). separatethe MRI brain scansinto
Grey, White and Other matter, then the numberof
classesmustbe 3 at a minimum.Due to the intensity
distributionsof the3 mattersin thehumanbrainscans,
the minimum numberof classesis practically4. The
reasonfor this minimum is that the CerebralSpinal
Fluid (CSF) matter generallyhas a higher intensity
than white brain matter for MRI images.It is also
possibleto performfuzzyclusteringfor highervalueof
c andinterpretmorethanoneof theseclassesasGrey,
White or Othermatter. In thecaseof c   4, theclasses
have been orderedaccording to the value of their
centroids.Letting c1 signify the classwhosecentroid
hasthe lowestvalueandc4 signify the classwith the
highestcentroidvalue,the resultswereinterpretedas
follows:

– c1 andc4 wereclassifiedasOthermatter

– c2 wasclassifiedasGrey matter

– c3 wasclassifiedasWhitematter.

Fig. 2. Classificationswith various p and c values
(m   3 Ç 5): (a) original image, (b) p   1 È intensity É
c   4, (c) p   2 È intensity� varianceÉ c   4, (d) p   3È intensity� variance� spacelocation É c   4, (e) p   1È intensity É , c   5, (f) p   1 È intensity É c   6.

Nevertheless,it is difficult to say that theredoes
not exist an even higher value of c for which an
interpretationcangive betterresultsthanwhenc   4
(Fig. 2 b, e, f). However, increasingc hasthe added
expenseof increasingthememoryrequirementsfor the
algorithm.

Norm: the norm matrix A determineswhich
type of distanceis used,so that matrix A must be
positive definite. The three most common distance
norms are the Euclidean, the Diagonal and the
Mahalanobis.Thelatterbeingfrequentlyusedbecause
of its considerationof data distribution although it
increments the FCM cost. For this, (Idrissa and
Acheroy, 2000)applyKahunen-Loeve transformation
in orderto reducethealgorithmcost.

Coefficient m: m is a weighting exponent that
determinesthe degree of fuzziness of the fuzzy
clusters. Our experimentationsshow that a high
value of m makes the sets boundariesambiguous
(Fig. 3). That is to say, a high valueof m delaysthe
classificationtask.

Fig. 3. Classificationswith various m values: (a)
original image, (b) m=3.5,(c) m=6.5,(d) m=8.5.

In Fig. 4 a, we appliedthe FCM algorithm with
various valuesof m, and for every value of m we
determinetheclassificationrateCRdefinedby:

CR   Card
~
δ �Ê� with

δ  ÌË Im
~
i � j �¨Ä max

1 ¯ k ¯ c
ui ¡ j ~ k �ÊÍ 1 ª εCR Î Ç (4)

We concludethat the biggerm is, the smallerCR
is, and thereforethe decisionof classificationis still
doubtful. However, a greatvalue of m decreasesthe
calculatingtimeT (Fig. 4 b).

Fig. 4. Variation according to m of: (a) the
classificationrate(CR),(b) thecalculationtime(T).
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In order to take into account the previous
deductionsconcerning the variation of CR and T
relatively to m, we choose a great value of m
and reduceit during the algorithm accordingto the
classificationrate. At every iteration t, the moreCR
increases,themorewe decreasem (eq.5). In fact,this
adaptationallows to fairly reducethecalculatingtime
of 10.5%while makingbetterthequality of clustering
(i.e.CR Ï N).

if CR Í θ ¬ t ®
2

then m :   m ª θ3 Ç (5)

In practice,we empiricallydefine:θ ¬ t ®
2

  ~
2 § t � N Ä 10

andθ3   0 Ç 25.

As therandominitializationof thepartitionmatrix
U ¬ 0® influences the outcome of the classification
algorithm, we chooseto initialise the classcentroid
matrixV ¬ 0® (eq.6) sothatthecentroidsevenlyspanthe
full rangeof input dataandthenthealgorithmbegins
from the step2. This is donein order to guaranteea
betterdistribution of theclasscentres.Ð

h ¢ È 1 � 2 �ÒÑÒÑÒÑµ� p É0� Ð k ¢ È 1 � 2 �ÒÑÒÑÒÑÓ� c É :

vk

~
h�Ô  kE Õ 1

c ¤ max
1 ¯ i ¯ n1 ¡ 1 ¯ j ¯ n2

X i ¡ j ~ h� ª
min

1 ¯ i ¯ n1 ¡ 1 ¯ j ¯ n2

X i ¡ j ~ h�g¦�Ö×Ç (6)

Once the FCM algorithm is finished and the
final matrix partition U ¬ f ® is determined,the final
classificationwill be hard.In fact,eachpixel Im

~
i � j �

will be clusteredin the classCkØ (k Ù ¢ È 1 �ÒÑÒÑÒÑÓ� c É )
accordingto:

u ¬ f ®i ¡ j ~ k Ù �Ô  max
1 ¯ k ¯ c

u ¬ f ®i ¡ j ~ k �0Ç (7)

HIERARCHICAL SEGMENTATION BY
ADAPTIVE THRESHOLDING

This stageconsistsin providing a segmentation
of the image into regions. We use our algorithm
of hierarchicalsegmentationby adaptive thresholding
(Barhoumiet al., 2000)which providesbetterresults
thanthe classicaltechniquessuchasSplit-and-Merge
(Zagroubaet al., 1994), Region Growing (Haralick
andShapiro,1985)andThresholding(Zagroubaetal.,
1998).Our approachconsistsin usingseveral image
representationswith levelsof increasinglyfine details
(coarse-to-fine). Thus, we build a tree of encased
segmentations.

Initially, we considerthe imageasa whole region
to be the hierarchy root. At each level, each node
(region) of the treeis eithera leaf (indivisible region)

or it hasn childrencorrespondingto its splitting into
sub-regions È R1 � R2 �ÒÑÒÑÒÑµ� Rn É . This processcontinues
until nofurthersplittingoccurs.Thefinal segmentation
resultof thistop-downmethodis obtainedby theunion
of the indivisible regions (terminal nodesin the tree
structure)foundat every level.

For this, we considerthat a region is definedas
thesetof interior pointsdelimitedby closedcontours
characterisedby a higher gradient value (Canny,
1986).Then,we classifyasinterior pointsto a region,
thepointsof lowergradientthanathresholdSÙ , andthe
otherpointswill delimit theregion.Thus,thesplitting
of a region R amountsto find the suitablethreshold
SÙ . Then, indeedSÙ is determined,the partition P of
R (P  ÚÈ R1 � R2 �ÒÑÒÑÒÑÓ� Rn É ) will be the set of related
componentshaving lowergradientthanSÙ .

Automatic determination of the threshold: as
segmenting a region R consistsin dividing it into
sub-regions that we hope more homogeneous,we
evaluatethe partition P  ¸È R1 � R2 �ÒÑÒÑÒÑµ� Rn É of R with
a monotonousfunction FR (eq. 8) based on the
calculation of variance which is a good feature
characterisingtheregionshomogeneousness.

FR

~
S��  Variance

~
R�

Size
~
R� n

∑
i ­ 1

Size
~
Ri � Variance

~
Ri �ÛÇ (8)

Therefore,for every region belongingto this tree
and appearingin previous stepswith a thresholdSR,
the segmentationthresholdSÙ will be the biggestin
the interval ¤ 0 � SR¦ for which the leapof the function
FR will beuponathresholdφ (eq.9).Thiscorresponds
to the appearanceof at leastonenew significantsub-
region.

SÙ   Sup È S ¢Ü¤ 0 � SR¦3Ä FR

~
S�ÛÍ φ É�Ç (9)

Then, it remains to decide when a branch of
the hierarchymust stop ramify what correspondsto
the inability of the correspondentregion to produce
significantsub-regions.

Terminationcriterion: if the distribution of the
gradient values on a region R is almost-uniform,
then R is consideredas indivisible. To estimatethe
distribution of the gradient, we use the gradient
histogramhgrad

R
of R. Then, we calculaterelatively

to R the entropy ER which provides an idea on the
partition of the histogramvaluesalongthe thresholds
axis(eq.10).

ER   ª SR Ý 1

∑
s­ 0

hgrad
R

~
s� log

~
hgrad

R

~
s�¨�0� (10)
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with hgrad
R

~
S�Þ  nR

~
S�¨Ä ∑SR Ý 1

s­ 0
nR

~
s� and nR

~
s�¥ 

Card ß Â ~ i � j � ¢ R Ä ©©©ÌàgradIm
~
i � j � ©©©   s Å<á .

Knowing thatER is minimal whenthefrequencies
are nil almost everywhereexcept for a value and is
maximalwhenthefrequenciesdistribution is uniform,
this notion of entropy allows to decide whether a
region is divisible. Indeed,if ER is maximal ( ¤ER Í
log

~
SÙ¨�g¦ ) thenR is indivisible andit is consideredasa

leaf of thehierarchy.

SUPERPOSITION OF THE TWO
PARTITIONS

Our experimentationsshowed that the tumoral
zoneis representedby a set of regions belongingto
thesameclassof matterCK which is not entirelysick.
In fact,somehealthypixelshaveasimilargrey level to
sick pixels.So, this first approximationof the tumour
(classCK) needto be refined.Given the classmap
generatedby the FCM algorithm, the selectionof a
seedpixel ger0 in the tumoral zoneof the imageby
anoperatorexpertdeterminestheclassCK. Moreover,
the operatorexpert definesa zoneof interestV

~
ger0 �

(a window x � x), centredon ger0, in order to limit
thesearchingareaof thesick zone.Moreover, healthy
pixelsstill remainin thezoneof search(CK â V

~
ger0 � ).

But, thegradientinformationallows thesegmentation
algorithmto isolatesickpixelsfromtheirneighbouring
healthyones.Giventheregionsmapgeneratedby the
hierarchicalsegmentation,theregionsbelongingto the
intersectionof CK andV

~
ger0 � form the pathological

zoneZmal (Figs.5 and6).

Formally, if FS is the function of segmentation

verifying FS

~
Im�ã äÈ R1 � R2 �ÒÑÒÑÒÑÓ� Rr É with

rå
i ­ 1

Ri æ
Im and FC the function of classificationverifying

FC

~
Im�ç ¸È C1 � C2 �ÒÑÒÑÒÑÓ� Cc É with

cå
i ­ 1

Ci   Im, then it

exists an integer K ¢ È 1 �ÒÑÒÑÒÑµ� c É verifying ger0 ¢ CK
andconsequentlyZmal æ CK. Finally, thesickzonewill
beZmal   å

t

Rt suchas:Rt æ ~
FS

~
Im� â CK â V

~
ger0 �¨� .

RESULTS

Fig.5 showsthesuccessivestepsof theapplication
of our global approachon an MRI tumoral brain
(p   1, c   4, m¬ 0®   6 Ç 5, φ   0 Ç 01, εCR   0 Ç 2). The
selectionof the germger0 and the applicationof the
FCM algorithmallows to determinethe tumourclass
CK whichcanbeconsideredasafirst approximationof

thesickzone.ThisclassCK is concentratedandlimited
in auniquezoneof thebrain(CK æ V

~
ger0 � ). However,

thesuperpositionof CK with theregionsmapallows to
detectpreciselythe threeregionscomposingthe sick
zone.Then,Fig. 6 shows theresultsof theapplication
of this approachin the caseof an anothertype of
tumour. In thiscase,theclassCK is notconcentratedin
alimited areaof thebrain(CK notincludedinV

~
ger0 � ).

In fact, the classCK is formed by the tumoral zone
andasetof pixelsdistributedalongthebrainboundary
(Fig. 6 b). Then, the zoneof interestis necessaryto
put out theseboundarypixels of the searchingarea.
Finally, the superpositionstepallows the detectionof
thesick zoneasanaggregateof smallregions.

Fig. 5. (a) original image, (b) classifiedimage, (c)
segmentedimage, (d) superposition.

Fig. 6. (a) original image, (b) classifiedimage, (c)
segmentedimage, (d) superposition.

CONCLUSION AND
PERSPECTIVES

The cooperation of the classification and the
segmentationalgorithmsallows to carry out a robust
approachof the sick zonedetectionin the brain MRI
images.In fact, our algorithm of classificationis an
improvementof theclassicalFCM algorithmallowing
to get better resultsand reducethe calculatingtime.
This classificationcould serve as a relatively quick
precursorto the separationof anatomicalstructures.
Moreover, oursegmentationalgorithmproducesbetter
results than the traditional methods.Then, let us
note that our approach can be applied to other
typesof imageswith the aim of detectingthe zones
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of interest. Finally, we can perform our approach
by applying other combinatorial methods (Taboo,
MonteCarlo,Geneticalgorithms,Neuralnetworks,...)
to solve the problem

~
π � and by paralleling the

segmentationalgorithmconsideringtheindependence
of the regions processingin the built tree which
reducesthecalculatingtime.
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